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Data-driven polarimetric imaging: a review

Kui Yang!f, Fei Liu!'™, Shiyang Liang3?, Meng Xiang!, Pingli Han!,
Jinpeng Liu?, Xue Dong?, Yi Wei*, Bingjian Wang?, Koichi Shimizu®* and
Xiaopeng Shaol~*

This study reviews the recent advances in data-driven polarimetric imaging technologies based on a wide range of prac-
tical applications. The widespread international research and activity in polarimetric imaging techniques demonstrate
their broad applications and interest. Polarization information is increasingly incorporated into convolutional neural net-
works (CNN) as a supplemental feature of objects to improve performance in computer vision task applications.
Polarimetric imaging and deep learning can extract abundant information to address various challenges. Therefore, this
article briefly reviews recent developments in data-driven polarimetric imaging, including polarimetric descattering, 3D
imaging, reflection removal, target detection, and biomedical imaging. Furthermore, we synthetically analyze the input,
datasets, and loss functions and list the existing datasets and loss functions with an evaluation of their advantages and
disadvantages. We also highlight the significance of data-driven polarimetric imaging in future research and develop-
ment.

Keywords: deep learning; polarimetric imaging; image processing

Yang K, Liu F, Liang SY et al. Data-driven polarimetric imaging: a review. Opto-Electron Sci 3, 230042 (2024).

Introduction gnosis* %, remote sensing®*, and semantic segmenta-

Polarization is a fundamental physical property of light tion*%¢. Furthermore, harnessing the features of polariz-
that expresses the characteristics of vector shear wave'?. Ttlondopeils new possibilities for research and techno-
) evelopment.
When light interacts with objects or media, it exhibits g"l}“,h p tional polarizati thod is limited i
e conventional polarization method is limited in ac-

various characteristics and representations of polariza- . e . .
curately capturing and utilizing information owing to

tion that correspond to the intrinsic characteristics of the . . . . .
complicated interactions in the transmission process.

material. This unique quality is an additional dimension Moreover, convolutional neural networks (CNN) excel

of information that has many applications in various at nonlinear expression and information extraction
fields, such as polarimetric descattering®”, 3D shape re- based on large datasets, making them better suited for
construction'®,  reflection  removal*!®,  target modeling and interpreting polarization information than
detection'®, biomedical imaging?'-%, pathological dia- traditional algorithms, which can bridge the gap between
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theory and practice’*..

To overcome the lack of a physical theoretical model,
the use of deep learning technology to optimize the in-
formation processing procedure has been proposed. Sev-
eral experiments have proven its advantages in extract-
ing potential features from images and determining the
relationship between information transmission systems
based on massive datasets. However, intensity informa-
tion is commonly used in existing data-driven methods,
which lose other three-dimensional information. In ad-
dition, the unicity of information would make the ima-
ging performance suffer from various challenges; for ex-
ample, in target detection tasks, spoofing targets and
camouflaged targets can reduce the accuracy rate; in se-
mantic segmentation, water hazards and metallic sur-
faces are the key challenges in the segmentation of road
scenes; in pathological diagnosis, the only color informa-
tion in medical images would increase the risk of misdia-
gnosis; and for transparent objects, parts of imaging pro-
cesses would be challenging to implement, such as 3D re-
construction and segmentation in the intensity field.
Therefore, the introduction of additional light-field
physical information, such as polarization, is gaining in-
creasing attention as a supplemental feature of objects
for improved performance in higher-level visual tasks,
expanding beyond intensity-only coverage. Therefore,
polarimetric imaging and deep learning will contribute
to future research and development. This review sum-
marizes the existing methods of combining polarimetric
imaging and deep learning and demonstrates the cur-
rent gains visually and comprehensively.

The remainder of this study is organized as follows:
First, we review the recent trends in data-driven polari-
metric imaging from four aspects. Second, seven exist-
ing research fields are categorized and analyzed with
their corresponding algorithms. Third, we discuss vari-
ous algorithmic approaches used in each field. Next, we
discuss three critical aspects of their existing datasets and
loss functions and their advantages and disadvantages.
Next, we discuss the strengths and weaknesses of the
practical applications of data-driven polarimetric ima-
ging and possible opportunities to address these chal-
lenges. Finally, we provide conclusions, highlighting the
importance and potential of data-driven polarimetric
imaging in various applications and research areas that
could extend the current uses of data-driven polarimet-
ric imaging and provide insights to advance its future
development.

Data-driven polarimetric imaging

Short history

Polarimetric imaging, first observed by Sir Isaac Newton
and Christiaan Huygens in the 17th century, is a tech-
nique used to capture and analyze the polarization prop-
erties of light. Moreover, they noticed that light could be
separated into two polarized lights when interacting with
calcite crystals. In the 19th century, scientists such as
Malus and Fresnel made significant contributions to the
understanding of polarization. Since its inception, polari-
metric imaging has progressed and been applied in three
essential fields in the 20th century: polarization micro-
scopy, which allows scientists to study the birefringence
properties of materials under polarized light, remote
sensing and polarimetry, enhancing the detection and
discrimination of objects based on their polarization
characteristics; medical imaging; and tissue optical prop-
erties. In recent years, digital cameras and other innovat-
ive imaging techniques have become capable of captur-
ing valuable information on surfaces, materials, and bio-
logical samples. Recent developments in computer vis-
ion have enabled the incorporation of polarization in-
formation into various tasks, offering potential advant-
ages over traditional RGB imaging.

Deep learning, a subfield of machine learning, is in-
spired by the human brain. Artificial neural networks
emerged during the 1940s and 1950s. Research on neur-
al networks continued during the 1960s and 1980s, and
perceptron and backpropagation algorithms were de-
veloped. However, neural networks face limitations ow-
ing to computational constraints and insufficient data. In
the early 2000s, traditional machine learning techniques,
such as support vector machines and decision trees, out-
performed deep learning in many tasks, leading to a de-
cline in interest in deep learning. After 2010, the propos-
al of a new network structure and improvements in com-
putational power propelled the advancement of deep
learning. Key developments during this decade include
the use of CNN for computer vision and recurrent neur-
al networks for natural language processing. With ongo-
ing research, deep learning continues to evolve into more
efficient training algorithms, model architectures, and
applications across various domains, making it a central
part of the Al field of artificial intelligence.

Until the 21st century, the combination of deep learn-
ing and polarimetric imaging has become more pro-

nounced. In the mid-2010s, data-driven techniques were
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applied to polarimetric imaging. Machines and deep
learning have been used for tasks, including object recog-
nition in polarimetric images. Subsequently, researchers
explored the potential of deep learning for processing
and analyzing polarimetric data in more diverse do-
mains because deep learning helps extract valuable in-
formation from polarization data. Additionally, the syn-
ergy between deep learning and polarimetric imaging
continues to evolve with advancements in models, al-
gorithms, and applications, forming the significant field
called “data-driven polarimetric imaging”, which is the
novel method that combines the learning method and
polarimetric imaging. Data-driven polarimetric imaging
can revolutionize various fields and represents a prom-
ising interdisciplinary research area and technological
innovation. A diagram of this short history is shown in
Fig. 1.

Trends

Data-driven polarimetric imaging is a novel approach
aimed at compensating for the defects and difficulties of
a single-information interpretation model. Recently, the
advantages of combining polarimetric imaging and deep
learning have been applied in several fields, and dozens
of algorithms based on data-driven polarimetric ima-
ging have been proposed, covering several application
areas. This section describes more recent trends in data-
driven polarimetric imaging from four perspectives.
Schematics of the trends in existing data-driven polari-
metric imaging are shown in Fig. 2.

17th century
Birefringence of

19th century

20th century

With the exploration of data-driven polarimetric ima-
ging, the application fields and utilization of polariza-
tion information have gradually increased. Regarding the
input and use of polarization information, directly cap-
tured images from detectors, such as division of focal
plane (DoFP) images*>~* or 0°, 45°, 90°, and 135°4->? po-
larization images, are the most common inputs. It should
be noted that, despite having four components, the last
one is often neglected in practical applications, leading to
the predominant use of only the initial three parameters.
This is because, theoretically, the last parameter can be
derived from the first three, thereby reducing the diffi-
culty in image acquisition. In addition, polarimetric
parameter features were calculated to represent the po-
larization information more intuitively, such as the de-
gree (DoP)
polarization(AoP)>~7, [Sy, S1, $,]°2°>°%%°, Mueller matrix

images®* and other combinations of these elements.

of  polarization and angle of

Features based on the corresponding physical model
during different tasks were also computed to guide net-
work training, such as zenith and azimuth angle maps
derived from specular and diffuse reflection®® in 3D
shape reconstruction tasks.

Furthermore, physical modes are crucial during net-
work training, such as polarimetric descattering models,
three-dimensional imaging models, Fresnel equations,
Mueller matrix interpretation models, and other tradi-
tional polarization models. The preliminary methods are
often end-to-end architectures®6:47566466-70 " suggesting

that the polarization information is input into the

21th century
More valuable

calcite crystals Malus law Fresnel laws Detector information
a— N )
P ( | Py .
0 L —i=heso|| \ T Mid-2010s
v /_ |2 4 s 4 /'/T 0oe—> @
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1940s-1950s 1960s-1980s 2010s 2010s

Fig. 1 | Schematic of short history about data-driven polarimetric imaging.
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Fig. 2 | Schematics of the trends of existing data-driven polarimetric imaging. The solid black arrows refer to the data flow, the dotted black
arrows refer to that the data may or not flow. The gradient blue arrows mean the trends of corresponding aspects. (a) The utilization of polarimet-
ric information has been gradually deepened from raw polarimetric images to preprocessing features. (b) The physical modes have been crucial
during the training of network from end-to-end architecture to physical-model-combined structure. (c) The various physical properties have been
gradually fused to network. (d) The tasks have been developed from image processing to semantic tasks.
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network to generate the desired outputs directly;
however, the physical models are gradually guided***74>7!
or integrated into network training**72>-74. Furthermore,
the physical model and its inverse process can form a
self-supervised closed loop to achieve better perform-
ance. Furthermore, data-driven polarimetric imaging en-
ables the physical interpretability of networks compared
with conventional deep network methods. Polarimetric
parameters were initially adopted to perform different
tasks without exploring the hidden mechanisms. In more
in-depth research on data-driven polarimetric imaging,
the estimation of specific physical parameters based on
the nonlinear representation of deep networks*** and
the physical interpretation of network layers®* have been
gradually studied. This process contributes to future re-
search and development. Based on the polarimetric in-
formation fused into the network, other physical proper-
ties of light have also been introduced in network train-
ing, such as spectrum'”? and phase’”*. Finally, the applic-
ation fields tend to be semantic tasks based on convolu-
tional enhancement or restoration imaging. Initially, im-
age processing was the main field applied by data-driven
polarimetric ~ imaging, such as  descattering
imaging/16—119,66,70,72,76) denoising’15’77v78, demosaicing’13>"1"“’8,
dynamic range enhancement”, reflection removal®*7>74,
low-light imaging’**°, and even 3D reconstruction
shapet6>67718081 Next, semantic tasks appeared gradu-
ally similar to semantic segmentation®°7¢%28, camou-
flage object detection®, classification®’®!, pathological

diagnosis62,63,85,86,87.

Applications of data-driven polarimetric
imaging

According to the application field, existing data-driven
polarimetric imaging methods can be classified into sev-
en categories: polarimetric descattering, 3D shape recon-
struction, reflection removal, restoration and enhance-
ment of polarization information, target detection, bio-
medical imaging and pathological diagnosis, and se-
mantic segmentation, as shown in Fig. 3.

Restoration and enhancement of accurate
polarization information

Accurate polarization information is the foundation of
imaging and its applications. In the real world, theoretic-
al constraints and technological limitations lead to dis-
tortion of polarization information. Additionally, the po-

larization parameters of the nonlinear operators are
sensitive to noise. Consequently, the effective restora-
tion and enhancement of polarization information are
crucial for subsequent applications. In this section, we
analyze the limitations of polarimetry techniques and re-
view the existing restoration and enhancement of accur-

ate polarization information methods.

Polarimetry techniques

Polarimetry techniques are crucial in obtaining polariza-
tion information. Several sub-polarized direction images
(0°,45°, 90°, and 135° or 0°, 60°, and 120°) must be cap-
tured to obtain the polarization characteristics based on
the Stokes vector model. However, the obtaining and cal-
culating process, which acquires polarization informa-
tion indirectly, introduces extra imaging noise to sharply
reduce the accuracy of the polarization information. To
date, there are four typical methods for measuring polar-
ization images: division of time/rotating elements, divi-
sion of amplitude®-*°, division of aperture’*?, and divi-
sion of the focal plane®—°.

The division of time/rotating elements is the most
common method, depending on the time-sequential
activity. The polarizers and retarders were rotated, and
measurements were made at different positions of the
polarimetry elements. Furthermore, the time gap
between operations may cause misregistration of polariz-
ation images in a dynamic scene or the motion of the
camera case. The division of amplitude could capture
multiple images simultaneously; however, the inherent
drawback is that the intensity of images would decrease
to less than a quarter of the intensity of the original sig-
nal, which causes the image contrast to decrease sharply
and amplify the image noise. Moreover, misregistration
must be solved. The aperture captures images simultan-
eously using four coaxial cameras with different polariza-
tion directions. Distinctly, it is expensive and has a fixed
misregistration. The division of the focal plane is the
method used in real-time polarimetric imaging, even in
dynamic scenes. However, instantaneous field-of-view
errors (i.e., mosaicking and low-resolution problems) af-
fect the calculation of polarization parameters. Table 1
presents a comparison of the polarimetric elements.

After capturing the images using the aforementioned
polarimetric techniques, Stokes vectors were adopted to
display the polarization characteristics. The relationship
between them can be characterized by the follow

equation:

230042-5
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Fig. 3 | Applications of data-driven polarimetric imaging.

I, = (So + Sicos2¢ + S,sin2¢)/2 , (1)

where I, is the image with the polarization direction ¢.
Then, the Stokes vectors can be calculated from the sub-

polarization direction images™°’:

(Io + Igo + 1120) s

1 1
oo — 51120 )

1
So = z (Io + I45 + 190 + 1135) =

[SSE 8]

4
31210_19o:§<10_2

2f

S =I5 — Iy = (Io IlZO) y
zf
S = I4s,g - Ilas,g = T (Io,g - Ilzo,g) ; (2)

where Sy, S1, S, S3 are the components of Stokes vectors.
The parameters [Sp, Si, Sz] are the most common repres-
entations of the linear polarization components. S;
shows the circular polarization component. Therefore,
the polarization characteristic parameters can be ob-

tained using Eq. (3):

P:M$+$+$

)

NCEE:
P, = ls 27
0

1 S,
, gbpol arctan ( Sl) , (3)

where P, P;, Pc are DoP, degree of linear polarization
(DoLP), degree of circular polarization (DoCP), respect-
ively. ¢, is the AoP.

Furthermore, the Mueller matrix is another common
but comprehensive parameter that describes the modula-
tion of light after interaction with a material or
media®*~'®, The Mueller matrix contained 16 elements
using a 4x4 matrix. The Stokes vector of the output light
Seut can be expressed by the Mueller matrix after the in-
cident light S propagates through the medium as follows:

Sout Sin
0 ! Mo Mg Mgy M 0
'oul n
S _ My My My Mg S (4)
Sgut My My My My SiZ“ ’
Sgut Mz Mz M3 Mss SiSn

where mygg represents the transformation of intensity and
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Table 1 | Comparisons of various polarimetric elements.

Advantages

Disadvantages

e Robust
Division of time

e Easiest to implement

Division of amplitude

e Small system size and inexpensive

e Simultaneous imaging

o Not suitable for dynamic scenes
o Not simultaneously imaging
e Probable linear misregistration
e Largest system size

e Expensive and complex

o Nonlinear misregistration

e Loss of image intensity

e Highly mechanical flexibility required
e Expensive

e Simultaneous imaging

Division of aperture
e Robust

e Loss of field of view
o Fixed misregistration
e Loss of spatial resolution

e Simultaneous imaging

Division of focal plane

e Small and portable

o No misregistration

e Mosaicking problem
e Fabrication difficult
e Expensive

the other 15 elements encode the vectorial properties of
the object. Furthermore, Mueller matrix polar decom-
position (MMPD)*!, Mueller matrix transformation
(MMT)"*2, Mueller matrix anisotropy coefficients
(MMAC)', and other decompositions of the Mueller
matrix!*-1% have been proposed to quantitatively charac-
terize the properties of an object.

The estimation of these parameters, which represent
different polarizations, is always based on nonlinear op-
erations, which are unavoidable when introducing er-
rors and noise. To achieve the desired performance, the
calculated polarization parameters must be refined or re-
stored to obtain highly accurate information. In addi-
tion, obtaining precise polarization information can be
challenging when operating in special imaging environ-
ments, such as low light and noise, or with special ima-
ging devices. In these scenarios, the disturbed polariza-

Low-light imaging Muller matrix denoising

Holographic
Polarization

phase channels

HDR reconstruction

Stokes
vectors

tion parameters amplify errors and negatively affect sub-
sequent imaging performance.

In summary, the acquisition device for raw sub-polar-
ization images, the use of nonlinear operators to calcu-
late polarization characteristic parameters, and special
imaging environments also decrease the inaccuracy of
the polarization information. Therefore, polarization in-
formation with high accuracy must be restored and en-
hanced. In this section, we examine photostarvation, mo-
saicking, and noising to demonstrate the restoration and
enhancement of polarization information, as depicted in
Fig. 4.

Restoration and enhancement of polarization
information methods

In photostarved environments, imaging always suffers

Polarimetric parameters Demosaicing

denoising

MMPD
images

Fig. 4 | The considered tasks of restoration and enhancement of polarization information, including low-light imaging, Muller matrix de-

noising, high dynamic range (HDR) reconstruction, polarimetric parameters denoising, demosaicing, transformation between holo-

graphic amplitude & phase and polarization channels, transformation between Stokes vectors and MMPD images.
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from a low signal-to-noise ratio, which affects the ima-
ging quality, making low-light imaging challenging. In
polarimetric imaging, the accuracy of polarization in-
formation is degraded. Existing methods consider de-
noising, correction of color bias, and exposure time in
intensity imaging!?”!%, However, the difference between
polarimetric and conventional intensity imaging has not
been fully considered. Based on the power of being data
driven, Hu et al. presented a one-to-three (intensity,
DoLP, and AoP) hybrid network called IPLNet to simul-
taneously enhance the image quality of intensity and po-
larization information*’, as shown in Fig. 5(a). The en-
hanced RGB image generated by the chromatic RGB
subnetwork is divided into three channels, and each
channel is fed into the polarization subnetwork to pre-
dict the polarization information. Enhanced results and
corresponding comparisons with mainstream methods
are shown in Fig. 5(b) with corresponding values of
structural similarity index (SSIM) of each image.
However, many parameters are generated in this net-
work, which sharply reduces the operational efficiency.
The image color is also inaccurate. Therefore, Xu et al.
first performed initial denoising and color deviation cor-
rection of four polarization orientation images by net-
work named ColorPolarNet and used the polarization
difference network to enhance intensity details, DoLP,
and AoP maps®. The results demonstrate that the pro-
posed methods have faster processing speed and better
performance regarding signal fidelity, contrast enhance-
ment, and color reproduction®*!?”. Compared with IPL-
Net, ColorPolarNet demonstrates slightly superior per-

#} Residual dense block (RDB)
Convolutional layer

' Concatenate layer

formance and achieves higher peak signal-to-noise ratio
(PSNR), SSIM and patch-based contrast quality index
(PCQI) in terms of Sy, DoLP, and AoP. Additionally,
ColorPolarNet achieves notably lower color difference
(CD), indicating reduced distortion compared to IPLNet.
In processing speed, ColorPolarNet (2.88 s) is more than
twice as fast as the IPLNet model (6.10 s).

Division of the focal plane polarimeter is one of the
most common polarimetric imaging sensors that can in-
stantaneously capture dynamic polarization information.
Each individual pixel with different polarization orienta-
tions is situated in a 2x2 superpixel, recording only one
from the four essential intensity measurements; there-
fore, demosaicing and reconstruction of full-resolution
and accurate polarization information are indispensable.
Zhang et al. proposed a convolutional demosaicing net-
work called the PDCNN to learn end-to-end mapping
between coarse interpolation results and full-resolution
polarization images®, which is the first typical demosa-
icing architecture, as shown in Fig. 6(a). The bicubic-in-
terpolated results are used as the input, which intro-
duces an interpolation bias, resulting in inaccurate re-
constructed results. After comparison with several main-
stream methods, the reconstruction results of DoLP and
AoP outperformed those of other methods, as shown in
Fig. 6(b) and 6(c) with corresponding values of PSNR of
each image!'*!. Zeng et al. proposed a four-layer end-
to-end fully convolutional neural network that directly
learns mapping from DoFP to three polarization proper-
ties: intensity, DoLP, and AoP*. However, the noise in

the AoP images remained significant. Wu et al. provided
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Fig. 5 | Enhanced method of polarization information. (a) Architecture of the Hu et al.’s method. (b) Enhanced results and corresponding

comparisons with mainstream methods. Figure reproduced with permission from ref.#?, Optical Society of America Publishing AG.
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a more physically relevant loss function for the angle of
linear polarization (AoLP) reconstruction, establishing a
two-stage lightweight approach for reconstructing the
intensity and polarization information in real time*:. The
improved version meets the demand for real-time infer-
ence. Wen et al.!'%, Sargent et al.'’>, Sun et al.''® and Pis-
tellato et al.!'” also proposed the data-driven demosa-
icing methods to ensure the fidelity of polarization signa-
tures and enhance image resolution. Besides deep learn-
ing-based methods, other approaches also yield favor-
able results in this domain, such as the sparse tensor fac-
torization-based model, which introduces a combina-
tion of tensor factorization and sparse coding for the first
time''®.

Because the polarimetric parameters are always de-
rived from the measured intensities through nonlinear
operators, which would amplify the noise for the AoP,
removing noise to precisely restore the polarization in-
formation is a significant task!*”11*120, CNN have distinct
advantages regarding extracting image features and hid-
den structures; thus, they are suitable for image restora-
tion and enhancement in noisy environments. Li et al.
employed deep neural networks to significantly suppress

the noise in polarimetric images and enhance the image

quality*. However, all channel-wise features are treated
equally, resulting in a lack of flexibility. Inspired by the
attention mechanism, Liu et al. proposed an attention-
based residual neural network to remove noise and re-
store the polarization information of polarimetric im-
ages”’, as Fig. 7. Therefore, the proposed methods can
suppress noise more effectively and restore polarization
information more accurately, as shown in Fig. 7(b)'%.
Additionally, SSIM is used to compare the quality of im-
ages obtained by different methods. Focusing on the de-
noising of Mueller matrix images, Yang et al. built a deep
residual U-Net that incorporated channel attention with
many paired low- and high-SNR Mueller matrix
images’. The ground truth is obtained based on the low
equally weighted variance (EWV), which can be ex-
pressed as:

EWVZ%(O’Z-F%) ; (5)
where ¢” is the variance of Gaussian noise and N denotes
the number of states of polarization. The larger the value
of N, the higher is the signal-to-noise ratio. The pro-
posed method can effectively resolve the conflict between
the measurement accuracy and acquisition time.

The fused images contain more information than
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single physical properties because the mixed informa-
tion describes various characteristics. The fusion of po-
larization and intensity is the most common method
used in practical applications'?!~'%. The intensity image
describes the reflectivity and transmissivity of the object,
whereas the polarization image describes the texture de-
tails, material properties, shape, shading, and roughness.
These two types of images provide complementary in-
formation from different aspects to obtain images with
rich physical features and improve the performance of
practical tasks. Conventional fusion methods are challen-
ging to handle various scenes because a manually de-
signed fused factor is adopted. Based on the excellent
performance of CNN, Zhang et al. proposed an unsuper-
vised deep network called PFNet to fuse the intensity and
DoLP images'*. The feature extraction module trans-
forms the images of Sy and DoLP into high-dimensional
nonlinear feature maps using two Dense Blocks, and the
concatenation operator is used to fuse the feature maps
to reconstruct the fused image using the reconstruction
module. The architecture of PFNet is shown in Fig. 8(a).
Therefore, the method based on deep learning outper-
forms other state-of-the-art methods, as shown in Fig.
8(b)!#2-125, SSIM is used to compare the quality of images
obtained by different methods. Contrarily, they modi-
fied the architecture to enhance performance. A Dense
Block is used to encode the input images and the fusion
subnetwork rather than a concatenation operator to fuse
the feature maps'”’. New loss function strategies are ad-
opted, such as the loss between fused and input images
and the loss between fused and encoded features. The
proposed architecture can also be used for infrared and
visible image fusion, and multi-focus image fusion.
Because of the limitations of the response function of

the camera, a digital camera always captures only a lim-
ited fraction of the range, resulting in low-dynamic-
range images with over- or underexposed areas that can-
not reflect real-world scenes in high-dynamic-range im-
ages'?*1?_ Ting et al. studied the relationship between po-
larization parameters and the exposure time of a pixel in
a polarization image and trained the reconstruction
framework to recover a high-dynamic-range image us-
ing polarization images”.

Other applications of restoration and enhancement
are based on data-driven polarimetric imaging. The po-
larization parameters and other physical properties are
interconvertible. Liu et al. used a deep neural network to
transform holographic images reconstructed from a
single state of polarization into images equivalent to
those captured using a single-shot computational polar-
ized light microscope™. Si et al. fed Stokes images to a
well-designed deep learning network to generate Mueller
matrix-based parameter images, such as linear retard-
ance and diattenuation parameters®.

Polarimetric descattering

Clear vision in scattering media is critical for various ap-
plications such as industrial and civil fields'*’, traffic sur-
veillance systems'®!, automatic drives*>, remote
sensing'*, rescue operations'*, seabed mapping'*, mon-
itoring of marine species migration and coral reefs, and
scene analysis'*. However, when capturing images in a
scattered environment, the visibility of objects is typic-
ally sharply degraded, which is caused by the scattering
of suspended particles such as clouds, water, haze,
smoke, smog, fog, and mist in the air, soil particles, float-
ing excrement of marine animals, algae, and mineral salt

in underwater scenes. The backscattered light was mixed
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with the object signal during its propagation towards the
camera. Because the physical properties of imaging in
haze and underwater environments are similar, we ana-
lyzed the dehazing and descattering processes based on
deep learning and polarimetric imaging.

Polarimetric imaging model in scattering media
Based on the atmospheric transport model'*”!%, image I
captured by the camera after propagation in scattering
media consists of two components: (1) direct transmis-
sion signal D, which represents the light that an object
reflection is scattered by the media during propagation
towards the camera; and (2) backscattered light A, which
denotes the light backscattered by the particles in the ob-
ject light line of sight without an object signal'®*. The
model can be expressed as:
I=D+A. (6)
First, as the light reflected from the object propagates
towards the camera via the medium, the object radiance
suffers from absorption and scattering, yielding a de-
graded signal. This process is described as follows:

D= Lobjecte_ﬁz ) (7)

where z is the distance between the object and the cam-
era; 3 is the degraded coefficient, and Lopject is the origin-
al object signal not attenuated by the scattering media
along the line of sight. The transmitted process e is the
delay of exponential function, which also expressed as ¢.
Second, backscattered light A isan undesired com-
ponent that veils the object light to reduce the contrast of
the image. The backscattered light can be expressed as:

A=A, (1—-eF), (8)
where A.. is the saturated backscattering light as the dis-
tance increases. We aimed to reconstruct the original ob-
ject signal Lobject by combining Eq. (6) and (7). Then, Lop-
ject can be expressed as:

I-A
1-A/A,

as a result, the estimation of two unknown components

)

Lobject =

A and A.. is key to reconstructed Lopject. Schechner et al.
proposed a polarization descattering model based on an
atmospheric scattering model. The proposed method ob-
tains two orthogonally polarized images, I, and I
through two orthogonal polarization states of the polar-
izer'**. This method assumes that the air light is usually
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partially polarized, whereas the object is not polarized.
Thus, the captured images can be described by:

D
Because the object is not polarized, the DoP of the im-
ages is equal to that of the backscattered light. Further-
more, the backscattered light is estimated using the po-
larization model:

AP , (11)
Py
where P4 and P are the DoPs of the backscattered light
and captured images, respectively. The saturated backs-
cattering light A, is the mean of the background region
selected in the image where there is no object and the P4
is calculated by the selected region which is the DoP of
total backscattering light. Finally, the reconstructed
Lobject can be expressed as:
I—A 11— P)

1—A/A. 1-1IP/A_P, "

Lobject = (12)

A polarimetric imaging model is a physical, low-cost,
and effective method for restoring clear images in a scat-
tering environment. However, the method is based on
the following assumptions:

1) The backscattered light at infinity is uniform, but in
the real world, clouds, the solar radiation angle, and oth-
er factors may influence the distribution.

2) The DoP of the object is not polarized, but it does
not make sense.

3) The DoP of the backscattered light is constant;
however, it must be spatially variable.

4) The polarized direction of the image is equal to that
of the backscattered light and the object signal, but there
are possible differences.

5) The degraded coefficients of backscattering light
and object signal are similar; however, Akkaynak et al.’s
study has proved that attenuation coefficient of object
signal depends on the distance z, reflectance p, spectrum
of ambient light E, spectral response of the camera S,
and beam attenuation coefficients of the water body f;
however, the backscattering light is related to E, S, Sy
and scattering of the water body b%+140:141,

Several improved methods focusing on this insuffi-
ciency have been proposed. For example, Huang et al. es-
timated the polarization difference image (PDI) of an ob-
ject signal using feasible region fitting to overcome the
limitations of the second assumption. Hu et al. estim-
ated the spatial distributions of the DoP of an object and

https://doi.org/10.29026/0es.2024.230042

backscattered light by extrapolation fitting to overcome
the first and third assumptions. However, selecting the
fitting function when the light was irregular was challen-
ging'®. Wei et al. considered the difference between the
AoP of backscattering light and the object signal, using
independent component analysis (ICA) to estimate the
object signal with nonuniform polarization characterist-
ics to avoid the limitation of assumptions (3) and (4)'“.
These methods are based on physical models that lack
the robustness and effectiveness of a single method in
complex scenes because accurate estimation of key para-
meters may not be achieved. However, the latent factors
influencing image quality have not been explored.

Deep learning methods based on CNN are adept at ex-
tracting hidden features and fitting the nonlinear rela-
tionships between backscattering light and object signals.
Thus, it is a promising choice for descattering and dehaz-
ing. Polarimetric data-driven descattering methods com-
bine polarization information and deep learning.
Moreover, the existing model can guide the training of
the descattering network to combine its advantages.
Three different pipelines were used in the data-driven
polarization descattering method. First, the end-to-end
architecture without the physical model, which always
uses the polarization images to feed into the network.
Second, the physical-model-guided network methods,
which are guided by the existing or proposed but non-
participation in network training; Third, the physical-
model-integrated network methods, which integrate the
physical model into the network to train the descattering
network together. The following section provides a de-
tailed explanation of these three perspectives.

End-to-end descattering network
The end-to-end architecture is a common structure that
enhances image quality and relies on higher-order non-
linear representations. The descattering process of a net-
work is the fitting of the descattering transmission of a
high-order function, which has been successfully applied
to complete scattering removal using intensity informa-
tion!3*144-14¢_ Tn recent studies, the introduction of polar-
ization information has proven that the input of polariz-
ation images into the network can improve the quality of
qualitative and quantitative evaluations. This section dis-
cusses the polarization end-to-end descattering network.
In 2020, Hu et al. first employed a deep learning tech-
nique in polarimetric underwater imaging®, as shown in
Fig. 9(a), which is a typical end-to-end descattering
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architecture. The three dimensional inputs of different
linear polarization orientations with 0°,45°,90° are fed into
an end-to-end polarimetric dense network (PDN) rather
than intensity images, which contains three main com-
ponents: Shallow Feature Extraction (SFE) used to ex-
tract shallow polarization features, Residual Dense Block
(RDB) as the basic structure to connect with each other,
and concatenated by Dense Feature Fusion (DFF). The
third crucial component was utilized to fuse all the fea-
tures and output the descattering results. A dataset con-
taining abundant polarization image pairs was built using
a commercial DoFP camera, and a water tank filled with
milk was used to capture turbid and clear object signals.
The same network structure, based only on intensity im-
ages, was trained to verify the significance of the polariz-
ation information. Compared with the intensity network
and existing methods, the polarization network demon-
strated higher values of image contrast (IC), measure of
enhancement (EME), PSNR, and SSIM, which indicate
higher image quality®'?’, as shown in Fig. 9(b).

Another end-to-end architecture was proposed by

Polarimetric-Net
3D input

Zhang et al., which contained four pairs of networks
consisting of polarized and gray versions. Furthermore,
this method assumes that the intensity and polarization
images are information streams, two types of informa-
tion flows in their respective networks, and join together
at the end of the model. Furthermore, the addition of po-
larization information to gray information and feeding
these two parts into fused networks, called DENSE-U-
NET BLOCK, at the forefront of the network could
achieve better results than the front or end of the net-
work”. The experiments with different turbidity levels
performed better than the other methods and demon-
strated the excellent robustness of the proposed method.

In remote sensing, the scattering medium signific-
antly impacts on the results of object reconstruction,
even producing speckle patterns. Obtaining the corres-
pondence between the original object and the imaging
process is challenging and crucial. Li et al. combined an
object’s polarization information with a modified U-net-
based deep learning network (MU-DLN) to retrieve the
original object’s information influenced by the scattering
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Fig. 9 | The flow chart and results of the Hu et al. method, which is a typical end-to-end descattering architecture*t. (a) The architecture

of proposed method. (b) Comparison of the enhanced images by different methods. Figure reproduced with permission from ref.*6, Elsevier BV.
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medium®. Data were acquired using a Monte Carlo sim-
ulation system and deep learning technology to learn a
physical model of the scattering process. The experi-
mental results show that the object’s information for the
Q-component can be reconstructed very well because of
the suppression of scattering light and highlighting of
ballistic light. Several fixed optical thickness environ-
ments are tested to reflect the superiority of the trained
MU-DLN.

Physical-model-guided descattering network
The physical-model-guided descattering network is
trained to remove the scattering effect guided by the
physical model but does not participate in network train-
ing. Based on the physical model, the theoretical feasibil-
ity was proven before guiding the design of the network
architecture. Therefore, the middle stage of combining
the physical priors and models is instructive for further
fusing the physical model into the design of the network
pipeline.

Guided by a physical imaging model, Ren et al. trained
a lightweight dehazing CNN to rapidly process turbid
images, comparing it with conventional dehazing meth-
ods and introducing additional circular polarization in-
formation'*®. Furthermore, this is the first time circular
polarization information has been fed into a network.
Two unknown parameters in the polarimetric descatter-
ing model resulted in an underdetermined function by
directly generating these parameters. Therefore, the pro-
posed method combines these two parameters into a
single formula to avoid an underdetermination problem
and minimize the reconstruction error. The new para-
meter K is expressed as:'*
(I—Ay)/t+Ay —1

I-1 '

The Eq. (12) can be rewritten as an Loyjee =KI — K + 1,

after which the descattering process is viable once the

K= (13)

parameter K is obtained. Tests were conducted in differ-
ent turbid environments to verify the feasibility of the
proposed method, and the results indicated the effective-
ness and high efficiency of the lightweight architecture.
Subsequently, Ding et al. adopted a multi-polarization
fusion adversarial generative network to enhance turbid
images”. Compared with the conventional model, the
proposed method introduces an angle of polarization to

calculate the backscattered light, expressed as:

https://doi.org/10.29026/0es.2024.230042

A:IO—I[I—P]/Z’ 14)
P,cos?¢,
where the ¢, is AoP of backscattering light computed by
the selected background region. They built the first color
polarization image datasets in the natural underwater en-
vironment, which selected the visually better enhanced
results among the results produced by several conven-
tional methods'*-'>*. Compared with the underwater res-
ults by four supervised data-driven polarimetric meth-
ods mentioned above, the experimental results in labor-
atory simulated by the milk have huge improvement;
however, the natural results are improved to a lesser ex-
tent because the complicated environment would in-
crease the diversities of known or hidden parameters and
then result in the networks become more generalized
with higher robustness but lower performance in a spe-

cific example.

Physical-model-integrated descattering network

The physical-model-integrated descattering network in-
tegrates the descattering model into the network as the
backbone to guide the descattering process, which intro-
duces constraints compared to the physical-model-
guided descattering network. Therefore, the main task of
the network is to generate or refine specific parameters
before they are utilized to generate improved results.
Furthermore, the physical model and its inverse process
can form a self-supervised closed loop to achieve im-
proved performance.

To further combine the physical formation model
with deep learning methods, some researchers have em-
bedded existing dehazing approaches into the proposed
pipeline. Zhou et al. proposed a robust polarization-
based dehazing architecture with a generalized physical
formation model that requires no specific clues to estim-
ate the required physical parameters or handcrafted pri-
ors®, Figure 10(al) and 10(a2) show the network archi-
tecture and corresponding example with evaluation in-
dex(PSNR and multi-scale SSIM). The transmitted light
D (Tin Fig. 10(al)) and original scene radiance Lobject (R
in Fig. 10(a2)) can be calculated using the following

equations:
PI — IP, DA,
D=——— d Ly =—"7"—=, (15
p—p, " =g —p ¥

where Pr and Py define the DoP of the transmitted light
and backscattered light, respectively, which are estim-
ated by the subnetworks. The symbols I and P are the
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al. method and (a2) the corresponding example. (b1) Shi et al. method and (b2) the corresponding examples.

haze image and its DoP, respectively, which can be calcu-
lated from the polarized images. The DoPs of the object
signal and scattered light can be generated by subnet-
work g1 before estimating the transmitted light using the
imaging model. The refined light transmitted by subnet-
work g2 is utilized to calculate the original scene radi-
ance, in which the saturated backscattered light is ob-
tained by subnetwork g3.Finally, the refined subnet-
work g4 was adopted to generate the refined results. The
raw polarization direction images join each subnetwork.

The generation of the synthetic dataset was instruct-
ive. Clear images with depth and semantic segmentation
maps must be provided for the generation process. The
Foggy Cityscapes-DBF dataset was eligible, and reason-
able values of the corresponding parameters were set to
generate the synthetic dataset'>>'¥’. Gaussian noise was
introduced to make them spatially variant and conform
to real-world scattering conditions to improve the ro-
bustness of the network!>®!%,

Contrarily, Shi et al. processed a polarization-based
self-supervised dehazing network called PSDNet to elim-
inate the influence of haze on images™. Figure 10(b1)
and 10(b2) show the proposed network architecture and

corresponding results, with assessment criteria(IC and
entropy-based no-reference image quality assessment
(ENIQA)) which consist of three subnetworks to com-
pute the object radiation, transmitted light, and backs-
cattered light. The pipeline processed a self-supervised
closed loop to optimize the network. The end-to-end
descattering network is part of the total pipeline, which
effectively reduces the scale of the network and enhances
performance. Additionally, a secondary product with an
accurate transmission map was produced, which may be
helpful for other computer vision tasks, such as 3D re-
construction. Several experiments demonstrated that the
proposed architecture can effectively improve the visibil-
ity of object details and is highly robust for the scene.
Because it is hard to capture the ground truth corres-
ponding to the object in the underwater environment,
unsupervised learning polarimetric underwater methods
were proposed. Zhu et al. synergistically make use of an
untrained network and polarimetric imaging formation
model to recover images from scattering in underwater
scenarios without requiring additional datasets'’. There
are two stages during the network training. First, the raw
input images are input to the network R(-) to generate
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the optimized image. Furthermore, using the imaging

formation model M (-) to recalculate the degraded im-

age. After the circular process, the loss of raw image and

calculated image is adopted to optimize the network:
[R(5w"),07] =

argmin | M{R(I(x,y); w), 0} — I(x,y)[l;,  (16)

where w is the weights, © is parameters of image forma-
tion model including {a, #, ps’, Sw}. These parameters are
estimated using a neural network, where the initial value
is selected by traditional methods. Specificly, & is a com-
pensation factor for the water absorption is set to 0.99 as
the subject was placed in a comparably shallow position
with pure water in the underwater environment, where
the influence on the absorption of natural light could be
ignored. 7 is a bias factor and p;’ is degree of the scatter-
ing light, where the range of # is from 1 to 1/ ps’. The
measurement value of py’ is set to 0.8333 and #=1.13 to
meet the range of 1 < 5 < pg’. S, is the scattered light ra-
diation at an infinite distance estimated by the intensit-
ies of the brightest region of the no object.

The proposed methods not only overcome the acquisi-
tion of polarization characteristics of the environment
and object in the conventional process but also minim-
ize the dependency on datasets even when training on
only one image. Moreover, the mismatch between the
model and a real scene lacking environmental priors is
significantly reduced. Figure 11(a) and 11(b)* show the
proposed architecture and a visual comparison among
the different descattering methods!*'%-1% together with
statistical index of image contrast. The method repres-
ents a pioneering attempt in the realm of unsupervised
descattering imaging. However, its capacity for enhan-
cing imaging outcomes remains somewhat limited.
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Yang et al. trained a network to inpaint backscattered
light with different polarization orientations, which was
used to calculate the DoP and AoP of the background
light’®. Furthermore, this is another unsupervised meth-
od that does not require clear ground truth. The primary
task of the proposed method is to calculate the complete
backscattered light. After removing the region of the ob-
ject in the captured polarized images using the GrabCut
algorithm, the incomplete image, randomly erasing a re-
gion, is input to the network to generate a mission re-
gion before using a filtering method that compares the
gray value of one pixel with those in other nearby pixels
and replacing the singular point with the averaged value
in a 7x7 square. Furthermore, a clear image is calculated
using the following modified function:

[—(A/e)

Lo'ecziv 17
bject 1—(A/€AOO) ( )

where the ¢ is bias factor. Consequently, the object radi-
ance was optimized and recovered based on the under-
water image recovery process. The proposed method has
a much lower cost for preparing the training datasets and
demonstrates the capability of recovering underwater
images under different nonuniform optical fields. The
flow chart, proposed architecture of the Yang et al. meth-
0d’, corresponding results, and comparisons with exist-
ing methods!4!147.16416% gre shown in Fig. 12.

Data-driven polarization descattering methods have
been gradually introduced into physical models to guide
network training, which resolves the limitations of tradi-
tional methods. Data-driven methods learn more com-
prehensive features and adjust them for more complex
media. Furthermore, it improves the training perform-
ance and provides another training process for a
self-supervised closed loop to optimize the network.

WI n r-

Contrast 0.257  Contrast=0.273

Contrast 03541 Contrast=0.279  Contrast=0.286 |
IFM Ours MIP HE

Contrast=0.335

Contrast=0.216
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RGHS DCP GC RoWS

Contrast=0.263

Fig. 11 | Unsupervised underwater descattering method. (a) Architecture of Zhu et al. method*® and (b) visual comparison among different

de-scattering methods. Figure reproduced with permission from ref.*?, Optical Society of America Publishing AG.
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Fig. 12 | Unsupervised underwater descattering methods and corresponding results. For the equations and variables, see the ref.’®. (a)

The flow chart. (b) Proposed architecture of Yang et al. method. (c) The results of generated backscattering light; (c1) the captured polarized im-

age; (c2) the generated backscattering image of proposed trained network; (c3) the backscattering image after smooth filtering; (c4) the corres-

ponding ground truth. (d) Final descattering results and comparisons with other methods. Figure reproduced with permission from ref.”s, Optical

Society of America Publishing AG.

Additionally, the physical model in the network may
generate extra parameters that are probably helpful for
other tasks, such as depth maps, backgrounds, and inher-
ent coefficients of media. The acquisition of dataset is
key for network training in scattering media. The syn-
thetic and generated methods may solve the problem
despite remaining crucial and challenging in the future.

Three-dimensional shape reconstruction

By analyzing the interactions between light and surface
geometry, we can reconstruct the 3D shapes of
objects!*®!%’, where polarization is crucial. Natural illu-
mination becomes partially polarized after reflection
from an object’s surface. Polarized reflection implies
shape information because the Fresnel equations relate

the DoP, AoP, and micro-surface zenith and azimuth.
An intrinsic drawback of deriving a shape from polariza-
tion is the ambiguous estimation of surface orientation.
The suitable arctangent function in the model results in a
multivalued azimuth, commonly known as azimuth am-
Cues from various such as

biguity. aspects,

geometry!®5-170, spectrum'7"172, photometry!73-17¢,
However, relying only on a physical-based imaging mod-
el, recovering the shape with high accuracy remains chal-
lenging under nonlaboratory conditions. The excellent
nonlinear representation ability of deep neural networks
can narrow the gap between ideal and real-world condi-
tions. This section reviews the existing 3D shapes from

polarization methods combined with deep learning (DL).

230042-17



Yang K et al. Opto-Electron Sci 3, 230042 (2024)

https://doi.org/10.29026/0es.2024.230042

Principles of polarization 3D shape reconstruction
The surface shape changed the polarization states of the
incident illumination, providing the possibility of recov-
ering the shape from polarization. In polarization detec-
tion, polarization information can be obtained using a
camera and a rotated linear polarizer mounted in front
of it or a camera with a pixelated polarizer. The captured
image intensity varied sinusoidally.

Imax + Imin Imax - Imin
I <¢pol) = 2 + 2 cos (2¢pol - z(p) )
(18)

where ¢,,01 denotes the angle of polarizer axis relative to a
chosen reference orientation, ¢ denotes the azimuth
angle of micro-surface of an object, Iyax and Inin refer to
the observed maximum and minimum intensity during
$pol from 0 to m. A whole 27 period of sinusoidal func-
tion results in a m ambiguity. For instance, if ¢=¢,o1, the
maximum intensity is obtained. However, the minimum
intensity corresponds to two azimuth angles, i.e. ¢+m/2.
The m-ambiguity problem is the one of shape from polar-
ization.

The polarization state of the reflected light directly de-
pends on the reflection type occurring over the surface,
which is primarily specular or diffuse reflection, as
shown in Fig. 13.

The Fresnel equations describe how incident light
changes when propagating in media with different re-
fractive indices. When specular reflection dominates, the
DoP of the specular reflection is calculated using the
Fresnel reflection coefficients:

_ R —-Ry

p, = .
R, —|—RH

(19)

Combined with the Fresnel function, it has the expres-
sion in Eq.(20)"77:

2sin*@cosfv/n? — sin’0

where n denotes the refractive index, 6 refers to the
zenith angle, assuming that #; =1 because in most condi-
tions light is incident from air. The refractive index of
specular surface is denoted # = n. Because the azimuth
angle is perpendicular to the phase of the specular polar-
ization'”®, leading to the m/2 shift of azimuth angle. This
is another ambiguity problem regarding shape owing to
polarization.

Material object reconstruction is more complicated
than that of regular specular surfaces. The refraction in-
dex of metal is a complex number defined as
n=n(1+ ix), where x is the attenuation coefficient.
And then Eq. (20) can be derived as:

2ntan6sinf

Ppp=—7———.
" tan?0sin’6 + |i|’

1)

Diffuse reflection originates from the light refracted by
the shallow surface of an object, in which it is partially
polarized owing to the irregular interactions between the
light and the interior particles. Therefore, the DoP of dif-
fuse reflection is determined by the Fresnel transmission
coefficients. The relationship between the DoP and the
Fresnel coefficients of diffuse reflection is defined as:
e S e
 Ty+T., 2—R,—R|’

P, (22)

Under these conditions, light is refracted to the air in
the object. Therefore #;=1, i.e. the refraction index of air,
and #; =n, i.e., the refraction index of diffuse surface. Eq.
(23) can then be derived as:

2
(n - 1) sin’0
n

1\’ '
2+ 2n? — (n + > sin’0 + 4cosfv/ n? — sin*0
n
(23)

Pd:

Given the azimuth angle ¢ and zenith angles 0, the
normal vector of shape surface at any point could be ex-

P = - . . (20)
* n2 —sin’0 — n2sin’0 + 2sin*6 ’ pressed as'”:
H Surface n ]
Incident | Incident Surface
light rorma Reflected light normal
Partially 1 Ref_lected
polarized : light
light -
I
1
S = <.
Object Microfacet Object /
Unpolarized .
light

Subsurface scattering

Fig. 13 | Polarization of specular reflection and diffuse reflection. (a) Specular reflection. (b) Diffuse reflection.
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n(u) = [n, (u),n, (u)  n. ()]
= [sing (u) sind (u) , cos¢ (u) sind (u) , cosh (u)]"
(24)
where ny(u), ny,(u), n,(u) are the normal vectors of ele-
ment surface u. The normal vector can be expressed us-

ing the surface gradient, as shown in Eq. (25)

1 T

[ —p(w)’ —q(w’ 1],
(25)

p (u) = 0z, (u), q (u) = 0z, (u), ie.,
Vz(u)=[p(u) q(u ]T. Finally, the surface shape

z(u) was reconstructed.

n(u) =
p(u)* +q(u)’ +1

where

The shape of the polarization differs according to the
type of reflection. Compared to specular reflection, the
DoP and zenith angles for diffuse reflection are one-to-
one maps. However, diffuse reflection makes the recon-
struction process challenging because of the lower signal-
to-noise ratio and higher dependence of the DoP on the
refractive index. For specular reflection, the mirror-like
surface maintains a relatively uniform direction and
phase, thus avoiding the influence of random noise.
However, specular reflection leads to more ambiguous
problems than diffuse reflection does. Moreover, it is
challenging to find an object when the viewing direction
exceeds the reflection direction. Table 2 compares the
advantages and disadvantages of the shape from polariz-
ation based on both specular and diffuse reflections.

The shape of the polarization depends on the estim-
ated azimuth and zenith angles. Ambiguity is a critical
challenge. Regarding the azimuth angle, two phase angles
with a 7 shift are derived from the period of the sinusoid
function. For specular reflection, the azimuth angle
would be retrieved with + n/2 operation. However, the
two zenith angles of the ambiguous solution are determ-
ined for a given DoP in the specular reflection, which
cannot be excluded without other information. These
contributing factors result in high error rates and limita-

tions in the generalization to mixed materials and light-

ing conditions using only polarization images.

In addition to the ambiguity problem, other limita-
tions to the shape owing to polarization exist. For ex-
ample, estimating the zenith angle requires an unknown
prior for the refractive index, which limits the recon-
struction of complex objects and natural scenes. Second,
when the zenith angle is close to zero, the influence of
noise increases because the DoP is small. Third, mixed
reflections were common in real-world scenarios.
Moreover, achieving satisfactory reconstruction results
in complex scenarios by using the linear superposition of
a single physical model is challenging. Finally, the dis-
continuous depth is also a significant challenge for re-
covering the shape from the derived surface normal by
integration. Consequently, the introduction of other in-
formation is essential to avoid the problems mentioned
above and expand the application fields.

Typical methods include a combination of heuristic
priors, such as the boundary and convexity of objects'®,
shading'®!, and photometric stereo®, but noise is a major
limitation. This complicated calculation amplifies the
noise, leading to a degraded texture or profile in the re-
covered shapes. Data-driven imaging is powerful for 3D
imaging with a nonlinear modeling ability. Furthermore,
this primarily depends on the semantic information of
the image. Under the guidance of the physical model,

this brings new possibilities for shapes from polarization.

Data-driven shape from polarization in single
reflection
In certain situations, the reflection can be purely specu-
lar or diffuse. For instance, in human face recognition or
clothed body reconstruction tasks, the skin, clothes, and
other human tissues are diffuse surfaces, and specular re-
flection is negligible. In transparent object reconstruc-
tions, specular reflection dominates.

For 3D clothed human shape reconstruction with
clothing details, Zou et al. introduced polarization im-
ages and two ambiguous normal maps into the designed

Table 2 | Comparisons of specular reflection and diffuse reflection.

Advantages

Disadvantages

e Suffer from more ambiguity problem

e Higher signal-to-noise ratio

Specular reflection

e Lesser influence of the refraction index

e Monotony of degree of polarization about refraction index

Diffuse reflection

e More application fields even for scene in wild

e Wide viewing angle

e Lower viewing angle
e Lesser application fields
o More influence of noise
e Worse visual effects
e Stronger influence of refraction index
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network®, as shown in Fig. 14. Specular reflection was
omitted because of the rough surface of the clothing.
Owing to the azimuth ambiguity problem, two possible
maps were resolved and input into the network as phys-
ical priors. The two ambiguous normal maps, n; and n;
are classified into three categories: mj, mp, and back-
ground. Each pixel point was classified as belonging to
one of these three categories and then merged into ns us-
ing Eq. (26) with probabilities py, p1 and p.
Py + pan,
lpim + pamsl,

The final surface-normal prediction is refined using a

n, = (1—p,) - (26)

denoising network. The smoothed normal concatenates
the fused normal and raw polarization direction images
as the input to accurately estimate the surface normal.
Subsequently, the skinned multi-person linear (SMPL)
representation'®? and deformation stage were used to re-
construct the refined 3D human shape with clothing de-
tails rather than naked.

Regarding diffuse-reflection-dominated cases, such as

human face reconstruction, Han et al. proposed a learn-
ing-based method for passive 3D face reconstruction
from polarization'®, as shown in Fig. 15(a). Further-
more, it derives the ambiguous normal of each microfa-
cet over the face at the pixel level based on the polariza-
tion of the diffuse reflection. The CNN-based 3D morph-
able model (3DMM) generates a rough depth map of the
face based on a directly captured polarization image, and
is used to amend the ambiguous polarization normal and
further 3D face

Frankot-Chellappa 3D surface restoration functions.

reconstruct an accurate using
Figure 15(b) illustrates the final results, including a male
face under indoor lighting, a male face under natural
outdoor illumination, and an indoor plaster statue. The
3D rendering features fit well with the original appear-
ance, and the lighting conditions had little influence. The
experiments also demonstrate the benefits of introdu-
cing deep learning into 3D polarization reconstruction.
The transparent objects exhibited typical specular re-

flections. Shao et al. proposed a multibranch fusion

Classify net Fused normal

A 4

Ambiguous
normal

A4

Predicted normal

Single
polarization

images Deformation

Detailed body shape

ResNet 50

Joints

Fig. 14 | The proposed architecture of the Zou et al. method.

Improved | :
3DMM net'

3D depth map

Polarization

based 3D D|men3|onal
model transformation
""""" oug epth

P

Fig. 15 | Han et al. passive 3D polarization face reconstruction method. (a) Overall schematic of the proposed method.

High-precision
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r
WG
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face reconstruction results. Figure reproduced with permission from ref.'®3, Multidisciplinary Digital Publishing Institute.
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network to reconstruct 3D shape-transparent objects
from specular reflections®!. However, transmitted light is
often a diffuse reflection. Therefore, separating the trans-
mitted light is critical. The AoLP features indicate
stronger background noise in areas with higher transmit-
tance. The closer it is to the center area, the stronger the
noise, as shown in Fig. 16. The physical prior confidence
concept is based on intrinsic faults in the AoLP maps of
transparent objects.

Z lp —pijl"

PEPi;

max Y [p—p,l"

0<x<W
0<y<H PEPxy

(27)

Confidencer. (i, j) =

where p;; represents the pixel values in the KxK neigh-
borhood of the point (x, ), p., is the mean of the pixel
values in this area, m is the smoothing exponential term.
H and W denote the height and width of the map, re-
spectively. This physics-based prior confidence map is
then input into the network as an attention map to guide
the fusion of the original-polar (DoLP and AoLP maps)
and physics-based prior (four ambiguous maps). The
proposed method achieves optimal performance and
provides a new perspective for further transparent
shapes from polarization research.

Data-driven shape from polarization in mixed
reflections

Mixed reflections stemming from the two primary con-
ditions were prevalent in the natural scenarios. First, the
reflectance of the surface determines the type of reflec-
tion: specular reflection or diffuse reflection. For materi-
als such as ceramics, plastics, and lacquers, specular re-
flection dominates the highlighted areas, whereas diffuse
reflection dominates the other areas. Second, objects
made of different materials create reflections that vary in

Physics-based prior confidence map

each segmented area. Moreover, this problem can also be
solved by reconstructing each area separately; however,
the segmentation algorithm and stitching of the 3D
shape of an object are huge challenges. Neural networks
provide solutions to fuse explainable or inexplicable fea-
tures with mixed reflections, relying on their excellent
nonlinear representation ability.

The first method combines deep learning and polariz-
ation-reconstructed models; Ba et al. fed polarization im-
ages and ambiguous normal maps into the network and
trained the network to learn the effective inputs from
training data automatically*’. The inputs were four im-
ages captured with a polarizer, and the ambiguous nor-
mal maps consisted of one diffuse and two specular am-
biguous maps. The proposed method achieved the low-
est test error on the tested data under the three lighting
conditions compared with conventional methods.

Based on a polarimetric Bidirectional Reflectance Dis-
tribution Function (pBRDF) model and real polarization
scene rendering, Kondo et al. applied rendered polarized
images to train a network for an accurate surface normal
estimation’!. A physics-based renderer was built to simu-
late the polarization behavior of the rays based on the
proposed pBRDF model for each material. Furthermore,
it can correctly reproduce the polarization property, in-
cluding the inter-reflection effect, in real-life scenes.
Therefore, the synthetic-colored image and simulated
polarization information, such as the phase and DoP,
were fed into the CNN to estimate the surface normal.
The detailed process and reconstruction results are
shown in Fig. 17(a).

The proposed pBRDF model is described by the angle
of incident light, plane, reflection angle, camera direc-
tion, and half-vector, which allows accurate transmis-
sion Mueller matrix modeling for arbitrary cameras and

-, region

B

AoLP map

Fig. 16 | The physical-based prior confidence map according to the differences of polarization characteristics between transparent ob-

ject and background.
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lighting positions. Specular and diffuse reflection mod-
els were established separately. The Mueller matrix of
specular reflection considers the rotation matrix of light

R* Ry,
Ry, Rfyy — R¥yyx.cosd
M = ! ¢
io —R . —RTyx. — R*yy.cosd
0 R* y,sind

where R™ = (R, +R|)/2, R~ =(R. —Ry)/2, and
R* = \/R_ Ry are Fresnel reflection coefficients. The
other coefficients are elements of the rotation matrix.
Accordingly, the Mueller matrix of diffuse reflection
contains a rotation matrix of light into the incident
plane, two Fresnel elements into and out of the surface, a
depolarization matrix, and a rotation matrix of light into

the camera, as denoted by Eq. (29),

TSTY TS T B, TiT &, 0

Md = TO_ ﬁﬁnc To_ ’Ti—ﬁln/}nc TO_ Ti—al“ﬁnc 0
” _T; Ti+(xnc _T; T;ﬁ]n“nc _T; T;‘xln“nc 0 7

0 0 0 0
(29)

where Tt = (T, 4+ T))/2 and T~ = (T — T.) /2 are
Fresnel transmission coefficients. The final normalized
Mueller matrix is the linear superposition of the reflec-
tion matrix and depolarization matrix mentioned above,
representing the diffraction and scattering characterist-
ics of the light inside the materials. The linear superposi-
tion process can effectively simulate the mixed reflec-
tions. A generalized Lambertian reflection distribution
function model was used to parameterize luminance and

linear combination coefficients. Through the final op-

https://doi.org/10.29026/0es.2024.230042

in the incident plane, Fresnel elements, delay metrics,
and the rotation matrix of light in the camera, as de-
scribed by Eq. (28),
Ry, 0
Rtxy. +R*yx.cosd R*ysind
—R*y,x. + R*y,y.cosd R*y_sind
—R*ysind R*cosd

(28)

timization, all parameters can be calculated. Experi-
ments show well-rendered results close to the real ones
used to generate polarized images as synthetic datasets.
This study guides the establishment of 3D reconstruc-
tion of polarized datasets and encourages exploration to
accurately transmit the interaction process between po-
larized light and objects, even in the entire scenario.
Similarly, Deschaintre et al. coupled polarimetric ima-
ging with a CNN to estimate the 3D shape and calcu-
lated the Spatially Varying Bidirectional Reflectance Dis-
tribution Function (SVBRDF) using single-view polari-
metric imaging under frontal flash illumination®, as
shown in Fig. 17(b). U-Net contains three branched de-
coders to generate the 3D shape: 1) surface normal and
depth maps, 2) spatially varying reflectance properties as
diffuse, and 3) specular albedo maps and specular rough-
ness maps. Next, it was fed by the flash image, normal-
ized diffuse color, and the Stokes map computed by the
polarization image results, which were plausible, and the
proposed method captured the real appearance of the in-
puts. However, as the lighting or object becomes gradu-
ally complex, for instance, multi-illumination, multiple

objects with blurred details, etc., the methods based on

Direct light

oes
bor m
1 -

PR
-1 0

e

Polarization Polarization Physical based
characteristic BRDF polarization
measurement modeling rendering

Surface
normal

Polarization
information
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Captured
inputs

Computed
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normal/ diffuse/ roughness/ specular/ depth map

Fig. 17 | The 3D shape reconstruction methods based on the pBRDF. (a) Y Kondo et al. method and the reconstruction examples. (b) V Des-

chaintre et al. method and corresponding results.
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BRDF’!# will suffer poor recovery, and accurate simula-
tion of mixed polarization remains an open challenge.

Mixed reflection dominated the outdoor scenario with
multiple objects with different refractive indices. Lei et al.
constructed the first real-world SfP dataset for complex
scenes to train a network®. The proposed network input
includes three parts: 1) four raw captured polarization
images and 2) polarization feature images, including in-
tensity, DoP, and encoded AoP by sine and cosine opera-
tions. Encoded AoP solves the problem regarding raw
AoP maps being similar at two given polarization angles
with 1 difference; 3) The viewing encoding to account
for non-orthographic projection in scene-level SfP. The
introduction of viewing encoding effectively calibrates
the polarization parameters influenced by the spatially
varying viewing directions.

In summary, existing data-driven polarization 3D
shape reconstruction methods are always end-to-end
structures guided by a physical model. The basic struc-
ture is input to the raw polarization images and other
prior images, which are always ambiguous, to optimize
the network, and the refined normal image is generated.
In addition, other prior images are crucial in the corres-
ponding methods for enhancing the reconstructed ef-
fects. Different inputs may also result in various network
architectural designs. Therefore, as shown in Fig. 18, the

inputs in the 3D shape reconstruction task are visually

[2] [5]

Amblguous normal
ny, n,

Calculate

RGB Phase

Polarization images ~— .

Raw polarization
image

Captured mputs Computed inputs
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displayed.

The data-driven dataset for the ground truths was ob-
tained in two ways. First, a Kinect depth camera is the
most commonly used equipment for capturing a coarse
depth map as the ground truth. Other operations may be
conducted to refine the captured depth map, such as de-
noising, exclusion of inaccurate values, and sparse point
cloud?. Second, a simulation method based on the BRDF
is adopted to generate the synthetic datasets. Plausible
results could be produced, and other features such as
roughness and depth maps® could also be generated,
which may be helpful for other computer vision tasks.
However, robustness will decrease in a complicated
environment.

Reflection removal

Limitations of reflection removal based on
polarization

Removal of reflection contamination is a challenging but
critical and frequently encountered task because it may
contaminate image quality. Several studies have been
conducted based on diverse physical and image charac-
teristics, but this remains an unsubstantial task!®!8%15,
Because the transmission image through the surface and
the image reflected by the surface are simultaneously
captured by a photographer, recovering two images from

a single-mixture image is a highly ill-posed problem.

Physics-based prior
input

Polanzanon represemanon P

Physics-based prior

Viewing encoding V| confidence

Normallzed color

Original polar
input

Flash
image
Stokes map

Fig. 18 | The inputs of network in 3D shape reconstruction task. (a) The raw polarization images as well as the diffuse and specular normal
prior. (b) The raw polarization images and two diffuse ambiguous normal. (c) The DoFP image consists of four polarization sub-images, viewing
encoding, intensity, DoP image and encoded AoP image. (d) The chromatic intensity, phase and DoP image. (e) The raw polarization images,
flash image, normalized color and Stokes map. (f) The maximum and minimum polarization images. (g) The raw polarization images, physics-
based prior confidence, DoLP and AoLP.
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Constraints are essential to solve this problem.

The reflected light is polarized, and polarization has
proven to be a feasible solution to this problem. Based on
the Fresnel functions, the number of unknowns was sim-
ilar to that of the input images. The reflection and trans-
mission components can be separated by viewing the
Brewster angle. Moreover, the closer to the Brewster
angle, the better the reflection removal performance.
Despite the incident angle having to be known, obtain-
ing it in the real world is challenging. Additionally, the
robustness and generalization of existing polarization-
based methods cannot meet the requirements of real-
world high-quality imaging, considering the various
viewing angles, complex refractive indices, smoothness,
and local curvature of the surface.

Deep learning methods based on CNN are excellent
for extracting hidden features. Furthermore, it enables
the prediction of potential prior information from cap-
tured images and demonstrates good performance in the
reflection removal task. Introducing polarization and
imaging models into the network can improve removal
performance and expand the diversity of datasets and ar-
chitectures. However, acquiring the ground truth data-
set is crucial. Thus, the generation of a synthetic dataset
based on the proposed method and refined real dataset
methods was proposed. Table 3 lists the elements that
must be considered in synthetic and real-world dataset
acquisition and their advantages and disadvantages.

Therefore, artificial manipulations must be added to
generate synthetic images or collect real-world images.
In this section, based on the acquired aspects of the
training datasets, we review the existing reflection re-
moval methods using synthetic and real-world datasets.

Data-driven polarization reflection removal based on
synthetic datasets

Synthetic datasets are commonly used to train networks
because they are hard-accessible real-world datasets. The
traditional method directly sums the candidate image as
a reflection and transmission using normalized weights.
Real-world tests exhibit poor performance. Therefore,
based on the polarimetric imaging model, synthetic data-
sets of high quality and robustness were generated.

By leveraging the properties of light polarization and
residual representation, Wieschollek et al. presented the
first deep learning approach to separate reflected and
transmitted components”®, as shown in Fig. 19(al). The
proposed network architecture uses three polarization
orientation images to calculate the parallel and perpen-
dicular components I/, I | as the input into the network.
The output of network comprises the residual images T7,
R’ and the two single-channel weights &/, & . The final
estimates of the reflection and transmission can be com-

puted as follows:

I = fJ_R/ + (1 - EJ_)IJ_ and I, = f“T, + (1 - EH) Iy,

(30)
where I, and I; denote the estimation of reflected and
transmitted light, respectively, represented as predicted
transmission and reflection in Fig. 19(al).

An accurate synthetic data generation pipeline is in-
troduced, including the simulation of realistic reflections,
such as high-dynamic-range scenes, nonstatic scenes,
and curved and nonideal surfaces, to enhance the robust-
ness of the proposed method, as shown in Fig. 19(a2).
First, because the world consists of high-dynamic-range

elements, the light intensity naturally diminishes as it

Table 3 | The comparison of synthetic and real-world datasets.

Synthetic dataset

Real-world dataset

e High dynamic range in the real-world.

e Disappearance or interruption of the reflection.
e Discontinuous scene of the reflection or

e Elements should be L
. . o transmission.
considered in acquisition of

e Acquisition of ground truth.
e Dynamic scenes.
e Misalignment of refraction and transmission light.

P e Dynamic scenes. e Luminousness and thickness of glass.
atasets
o Semi-reflective surface. o Image registration with or without glass.

e Curved or irregular surface. e Overexposure areas.

e Rotating of reflection.

® Real.
e Abundant samples. .
e Advantages . . e Complicated enough to cover the real-world
e Easily generation. »
conditions.

o |llusory.
. r M ” o Difficult capturing process.
e Disadvantages o Difficult to take fully account all conditions. L
e Limited samples.

e Domain gap between synthesis and real-world data.
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travels. Consequently, artificial adjustments match this
phenomenon in real-world environments. The proposed
method separately manipulates the dynamic range of the
transmitted and reflected input images using a random
factor. Second, for nonstatic scenes, such as cases where
a swaying tree branch occurs during capture, local and
nonrigid deformations are adopted by perturbing each
grid over a patch. Third, for curved and non-ideal sur-
faces, a parabola was utilized to simulate unconstrained
surface curvatures with four variable parameters.

Lyu et al. exploited the physical constraints from a pair
of unpolarized and polarized images to separate reflec-
tion and transmission’, as shown in Fig. 19(b). The coef-
ficients of the glass plane are predicted by the semireflec-
tor orientation module to compute the reflection and
transmission based on the proposed physical image
formation, denoted as:

E=R, + R
{ =R, cos’ (¢p01 - ¢) + Rysin’ (¢p01 - ¢) » B

where ¢,,01 denotes the polarization angle and ¢ denotes
the azimuth angle. The unpolarized and polarized im-
ages were then calculated using:

§ 2-¢

.1r+T.1t

2 —
'It+T('Itv (32)

where Iynpol Ipol & and { denotes the unpolarized, polar-

I unpol =

I

pol =

N

ized images and weights for reflection and transmission,
respectively. Next, the reflection and transmission im-

ages can be computed as:

—n. (2 — 6) ) IP01 — (1 - () i Iunpol
" 20-¢ ’
I, =2 W E . (33)

Finally, to close the gap between the physical model
and real data, a refined module was adopted to improve
the initial estimation. Additionally, the proposed captur-
ing setup can potentially be integrated into smartphones

-~

7’

Produce Parallel/vertical
image image

Predicted transmission &
reflection

Residual images/
weights map

-

4 =)
N, I -

Original Dynamic range Dealing with
data manipulation dynamic scenes
Unpolarized
image Weight map

Reflection Transmission & reflection/
physics polarization sub-images
Computed Refined
reflection reflection

Polarized
image

Weight map

Refined
transmission

Computed
transmission

Fig. 19 | The typical data-driven polarimetric methods of reflection removal. (a1) P Wieschollek et al. method. (a2) The image-based data

generation procedure of (a1). (b) Y Lyu et al. method.
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without affecting the original photography quality or
achieving reliable results. The dataset was generated
based on the PLACE2'® dataset, in which two random
images were selected as the original reflection and trans-
mission images. Reflection is blurred by Gaussian
smoothing based on the assumption that people take
photos of the transmitted light.

Pang et al. proposed a novel progressive polarization-
based reflection removal network (P?R?Net) to generate a
preliminary estimation of coarse transmission images be-
fore guiding the final reflection removal'¥’. The input im-
ages for the network consisted of two parts: a reflection-
obstructed image and high-column features from a pre-
trained VGG19, which is a successful example of using
pre-trained features as prior information. Reflection-ob-
structed images are synthetic, based on physical func-
tion Eq. (33). The high dynamic range in the real-world,
considered as light intensity, is nonlinearly compressed
in the captured image through the power function of
gamma encoding”. Two independent parameters were
used to simulate diverse practical imaging environments.
Additionally, flat and parabolic surface models were ad-
opted to simulate curved surfaces, which can be calcu-
lated using the camera position (x., y.) and incidence

point (xp, yp):
XY — %p)e — %p)p
VEFRY 65 =)+ 03—

where the 0 is the angle of incidence. Additionally, ran-

0 = arccos , (34)

dom deformation, rotation, and wrapping expand the
scale of the dataset and improve the robustness when
synthesizing the reflected obstructed image.

Data-driven polarization reflection removal under
real-world datasets
Despite synthetic datasets not being easy to obtain, they
are often too ideal, and complex conditions cannot be
fully considered in real-world environments. Real-world
datasets are also crucial but challenging to obtain with
the influence of glass and misalignment issues.
Real-world datasets are typically collected using re-
movable glass. Reflection-obstructed images were cap-
tured using a camera with glass in front of the detector.
The ground truth of the transmission was captured after
the glass was removed. However, the difference between
transmission and refractive transmission cannot be ig-
nored. Intensity delay caused by attenuation and color
distortion caused by colored glass are also common. To

eliminate the misalignment between these two elements,
a loss of image similarity at the perceptual level, such as
perceptual loss and contextual loss, was designed.
However, the intensity delay and color distortion persist.

The collected reflection-free images are not perfectly
aligned with the input mixed images owing to glass re-
fraction. To avoid misalignment issues, Lei et al. used a
piece of black cloth to cover the back of the glass to block
all transmissions for clear reflection®. This dataset in-
cludes approximately 100 types of glass in the real world,
which guides the proposed method to handle different
types of reflections without introducing artifacts. The re-
flection removal network uses multi-polarization direc-
tion images as input. Furthermore, the calculated intens-
ity, degree, and angle of polarization, and the overexpos-
ure mask eliminating the overexposed areas, were com-
bined into the network. Two stages were adopted to es-
timate reflection and transmission. This design signific-
antly improves the performance of the proposed method
by a large margin.

In summary, reflection removal is crucial because ob-
taining analytical solutions to ill-posed problems is chal-
lenging. The introduction of polarization information
can guide reflection removal using Fresnel functions des-
pite the unknown incident angle. Thus, combining deep
learning to learn prior parameters is a feasible method.
Acquiring datasets determines the effectiveness and ro-
bustness of the parameter estimation of the proposed
methods. In this study, synthetic and real-world meth-
ods are proposed. In the future, more comprehensive en-
vironments and complete theories must be developed to
solve reflection-removal tasks effectively.

Target detection
For target classification or detection, polarimetric data-
driven methods can improve efficiency and do not re-
quire manual extraction of image features compared to
traditional methods. However, existing methods use only
intensity information images, resulting in a reduction in
the accuracy rate for low-light environments or camou-
flaged targets'®*-1%. The targets and backgrounds also dif-
fer in their polarization characteristics. Polarimetric ima-
ging can effectively reveal these differences and assist in
target detection'”*!*>. Therefore, we can expect positive
results by introducing polarization into data-driven
target detection.

Fan et al. first proposed the use of polarization com-
plementary to intensity-based information to improve
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car detection accuracy™. A feature-selection process was
performed to select the most informative polarization
feature. Final detection is based on a fusion rule that
takes the polarization-based model to confirm the color-
based one. Gao et al. presented a similar work®'. Blin et
al. proved that polarimetric imaging is useful for target
detection in road scenes®. Sun et al. adopted three-di-
mensional convolutions to consider the relationship
among Sy, S;, and S, images to improve the detection
rate with limited polarimetric images™. Xie et al. used the
Stokes vector to obtain four different configurations of
polarization parameter image datasets: I, DoP, [I, DoP,
AoP], and [Sop, S1, S2] and trained different polarization
image detection models, indicating that increased polar-
ization information fusion enabled more learned target
features and better target detection®. Tian et al. pro-
posed a human face anti-spoofing method for real-life
scenarios, which extracts and classifies the unique polar-
ized features of faces using a CNN and an SVM
together'*®. Experiments covering diverse face-spoofing
attacks (print, replay, and mask) under uncontrolled in-
door and outdoor conditions were conducted. Usmani et
al. proposed unified polarimetric target detection and
classification in degraded environments using 3D polari-
metric integral imaging data'”’. 3D polarimetric images
with deep neural networks can effectively detect and
classify polarimetric targets under different low-light
conditions and in the presence of occlusions. Shen et al.
combined the advantages of polarimetric imaging and
deep learning for rapid target detection of artificial tar-
gets camouflaged in natural scenes'®, as shown in Fig.
20. The color difference of each image is calculated to
prove the proposed method can highlight the camou-
flaged artificial targets to a greater extent.

Biomedical imaging and pathological diagnosis

Biomedical imaging and pathological diagnosis methods
based on Mueller matrix features, a typical polarization
feature, are emerging label-free and noninvasive tech-
niques suitable for characterizing the microstructures of
biological tissues with anisotropic properties. Recently,
results have been published based on Mueller matrix
imaging for digital pathology?*?52*1%-207.  However,
achieving accurate pathological diagnosis by observing
and evaluating stained pathological sections for interns is
challenging. Furthermore, pathological diagnosis is a
classification problem; therefore, learning-based meth-
ods are crucial in achieving fast and accurate digital

pathology. This section reviews the existing data-driven
biomedical imaging and pathological diagnosis methods
and applications. Next, we discuss the interpretation of
physical properties of the network layers based on the
distance-based learning classifier.

Existing biomedical imaging methods

Li et al. first presented a Mueller matrix imaging system
to classify morphologically similar algae using a CNN®.
Because of the low contrast in the polarimetric signals of
algae based on previous measurements of the algal
Mueller matrix, performing classification without high-
precision instruments is challenging. The proposed
methods compare the performances of various stacks of
network layers to identify the number of convolution
layers. The classifier network was trained to extract fea-
tures from the Mueller matrix and achieved a classifica-
tion accuracy of 97%. Subsequently, they introduced a
distance metric learning method called the Siamese net-
work, which aimed to learn good distance metrics of
algal Mueller matrix images in low-dimensional feature
spaces®’. Compared to the convolutional CNN method,
in the Siamese approach, data pairs are generated
stochastically as inputs to train the network to determ-
ine if they belong to the same category. The experiments
demonstrated that the coupling of Mueller matrix ima-
ging and CNN of the Siamese approach may be an effi-
cient solution for the automatic classification of morpho-
logically similar algae.

Zhao et al. proposed a giant cell tumor bone detection
method using Mueller matrix polarization microscopic
imaging and a multi-parameter fusion network (MPFN)
that combines three extracted polarimetric features: deep
MMPD features, and MMT
features®?, as shown in Fig. 21. Wang et al. and Zhou et

micro-Pol features,

al. used polarized speckle images for in vivo skin cancer
detection® and polarized hyperspectral images for head
and neck squamous cell carcinoma detection®. Yao et al.
characterized the microstructures of endometrial
samples at the typical proliferative and secretory phases
using Miiller matrix polar decomposition and a set of ro-
tation-invariant parameters and their corresponding an-
gular parameters”. In this study, polarimetric imaging
was combined with a digital pathology technique to
quantitatively study the microstructural features of
endometrial samples. Furthermore, the incorporation of
local image texture information through Local Binary

Pattern (LBP) analysis improves the characterization

230042-27



https://doi.org/10.29026/0es.2024.230042

Yang K et al. Opto-Electron Sci 3, 230042 (2024)

" Splitting original |
 polarization image

| -

S1,S: stokes images

b, 145 loo, hss

Input

:'Calculating polarization 1
parameter /s image

I Enhancing |
------1 Sy stokes i |mage'
if necessary Jl
Sostokesimage R ... Isimage
...... , Decomposing : “Extracting beooen]
So stokes |mage polarlzanon sngnatures E:

!Highlighting locations
:of camouflaged targets
Output e image

H,S, V channel images

So Is Ie Tyo's method Wang's method = Our method

D:=0.248

De=0.452 |

D:=0.400

Fig. 20 | Shen et al. method. (a) The flow chart of proposed method. (b) The detected results. Figure reproduced with permission from ref.', In-

stitute of Electrical and Electronics Engineers.
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Fig. 21 | The architecture and results of multi-parameters fusion network (MPFN) and the corresponding results.

ability of the polarization parameter images. The experi- main unclear. In data-driven polarimetric imaging, the

ments demonstrated the feasibility of combining polari-
metric imaging with digital pathological techniques in

typical proliferative and secretory phases.

Physical interpretation of network layers

However, the physical properties of network layers re-

Muller matrix provides the most comprehensive inform-
ation representing the polarization information, and
most decomposition methods that provide raw funda-
mental parameters have been proposed. Thus, the
Mueller matrix is crucial in exploring the interpretation

of network layers.
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In ref.%!, the authors calculated the Pearson correla-
tion coefficients between the elements of the algal
Mueller matrix and features extracted by the CNN from
fo to f15. The experiments demonstrate that features f,, f3,
fs, and {7 are positively correlated with depolarization-re-
lated elements; however, f;, fy, f1g, f12, and f;3 are negat-
ively correlated. In addition, the fast-axis-orientation-de-
pendent periodic variations were preserved in fo, s, fo,
and f;5. Dong et al. proposed a data-driven polarimetric
imaging framework and constructed a dual-modality
machine-learning framework for the quantitative dia-
gnosis of cervical precancerous lesions®, as shown in Fig.
22. The U-net architecture was adopted to segment the
epithelium in digitized cervical hematoxylin-eosin-
stained images and mask the corresponding cervical
sample’s polarimetry basis parameters (PBPs), which
were decomposed based on the MMPD, MMT, and oth-
er Mueller matrix rotation-invariant parameters. Fur-
thermore, these masked parameters are processed by the
designed statistical distance-based learning classifier for
deriving a polarimetry feature parameter (PFP). The
classifier of the negative class and those of the CIN1(mild
dysplasia) samples can be expressed as:

x| X w
X X w
D= . , X=Dw = . ,
xIT\I NxM xITI W 1N
L ((U) = d(PNormal (X) ) PCINI (X) )71 )
(35)

where x; is an Mx1 vector representing PBPs elements.
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M and N are the number of PBPs and target pixels, re-
spectively. X is an Nx1 vector, calculated as a linear pro-
jection of the input PBPs. Pnormal(X) is the probability
distribution of X from Normal cervical pathological tis-
sues, whereas PciNi(X) represents CIN1 tissues. w rep-
resents weight coefficients of PBPs. L(w) is the energy
distance between Pxormal(X) and Pcini(X) by energy dis-
tance function d. PFP can be represented a simplified lin-
ear combination of the PBPs, which is similar to the dis-
tribution of specific microstructural variations. The dif-
ferent weights indicate the significance of the elements of
the PFP feature.

The results demonstrate the physical interpretability
of the polarimetry feature parameters. For example,
complex cervical precancerous samples exhibit polariza-
tion characteristics of various types of anisotropic super-
positions. The depolarization ability of precancerous cer-
vical samples changed with the development of lesions.
In addition, changes in retardation and depolarization
occur during the propagation and scattering of patholo-
gical cervical samples at different stages. Therefore, the
proposed method has high sensitivity and precision for
the screening of cervical lesion pathological tissues, and
may bring physical interpretability to the CNN.

Semantic segmentation

Segmentation is a popular topic for understanding the
scene in remote sensing and automatic navigation fields.
According to learning from different types of massive

data, the data-driven segmentation method achieved

Sets of PBPs as input data

Input data to
designed classifier

. Analyze PFP

Classification

Normal | CIN1 |CIN2 | CIN3

Fig. 22 | Polarization-imaging-based ML framework for quantitative diagnosis of cervical precancerous lesions. Figure reproduced with
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good performance. However, intensity-based methods
always suffer from degradation in scenes with similar
colors, clutter, or reflective areas*-*'2, This choice is ori-
ented towards polarimetric imaging, which provides the
ability to distinguish and recover from changes in com-
plex scenes. Several approaches have been proposed to
achieve segmentation of remote sensing, road scenes,
and transparent objects via polarimetric imaging and
deep learning.

Shaunak et al. transformed the information in an aug-
mented dataset into a compact representation of polari-
metric synthetic aperture radar data to classify and seg-
ment urban areas®’. The segmentation of road scenes is a
typical application in which water hazards, transparent
glass, and metallic surfaces are key challenges. Yang et al.
proposed the prediction of polarization information
from monocular RGB images as a complement to RGB-
based pixel-wise semantic segmentation for applications
in real-world wearable assistive navigation systems®, as
shown in Fig. 23. Similarly, Zhang et al.*® and Blanchon
et al.®® used different architectures to achieve the same
goals: robust and accurate scene parsing of outdoor en-
vironments paves the way for autonomous navigation
and relationship inference. Focusing on transparent ob-
ject segmentation, the polarization textures of transpar-
ent objects provide extra but very different information
than the background. Therefore, a polarized CNN frame-

work can be trained based on the intensity and polariza-
tion information®’, which will be helpful for applications
in broad areas such as robotics, autonomous driving, and
face authentication, as shown in Fig.24. The mean
average precision(mAP) is used to measure accuracy.

Discussion

Input and utilization of polarization information
Input information is a crucial element in network train-
ing with polarimetric imaging and deep learning.
However, various inputs and polarization parameters ex-
ist for different tasks. Three perspectives were con-
sidered as network inputs: original polarization images
(OPI), polarimetric parameter feature maps (PPFM), and
associated parameter maps (APM), as shown in Fig. 25.
Original polarization images are among the most
widely used inputs. OPI refers to images captured dir-
ectly using a DoFP, camera, Mueller Matrix Polarization
Microscope, or other equipment. Because of the rapid re-
sponse and comprehensive polarization information
captured in one shot, raw super-pixel images captured by
DoFP are common input*~*. Other common inputs are
polarization-oriented images, usually set to 0°, 45°, and
90°4-4952 Furthermore, there are variants with the addi-
tion of 135°%°! or circular polarization information®.
Parallel and perpendicular polarization components
were used to train the dehazing network’. Polarization

/-

RGB image RGB & depth

image

Semantic segmentation/
polarization difference image

Fig. 23 | Yang et al. method: proposed architecture and produced results of depth and segmented results.
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Fig. 24 | Transparent object segmentation. (a) The designed architecture. (b) The segmented results of intensity Mask R-CNN and polarized

Mask R-CNN in several dataset.
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Input and utilization of polarization information
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Fig. 25 | Input and utilization of polarization information. (a) Original polarization images (OPI). (b) Polarimetric parameter feature maps

(PPFM). (c) Associated parameters maps (APM).

speckle images are another type of OPI°**> captured by
the detector after scattering the media.

The polarimetric parameter feature maps were calcu-
lated using the OPI. Based on the Stokes representation,
[So> S1, S2] is @ common set widely used in polarization
network training®»°>*%>, Furthermore, the DoP and AoP
computed by the OPI or Stokes vector images are a type
of new material for network training®>*’. In biomedical
diagnosis, Mueller matrix images are the most common
input to the network”®, and Mueller matrix parameters
decomposed by Mueller matrix images can also be fed
into network training®>?%. Table 4 lists the existing de-
composition elements of Mueller matrix methods.

Associated parameter maps are images in which OP]I,
and PPFM are combined with other information or pre-
processing for different tasks. Intensity information is
the most common complement based on the OPI and
PPFM53,55757,66,70,74,196.
phase’’” are general additions to the polarization in-

Similarly, the spectrum® and

formation. In 3D shape reconstruction tasks, there are
different complements such as zenith and azimuth angle
maps derived from specular and diffuse reflection®,
viewing encoding, encoded AoP%, normalized color®,
and physics-based prior confidence® based on different
conditions. The raw images were interpolated using the
bicubic interpolation method in the demosaicing task®.
An overexposure mask is used in the network input to
avoid overexposed areas during reflection removal®. The
scene segmentation network utilizes HSL color space
representation by incorporating a polarizing pseudo-col-

or image®.

Datasets

Owing to the demand for different tasks, the number of
data-driven polarimetric imaging datasets has gradually
increased, as listed in Table 5. Seven types of datasets
were associated with the corresponding tasks described
in previous section. Three strategies for building the
datasets were considered. First, ground truths corres-
ponding to the inputs exist; therefore, the real ground
truth is captured directly to rectify the outputs. Second,
the transfer function of the imaging system was con-
sidered, and the generative process was simulated to gen-
erate the ground truth. In addition, comparing different
traditional methods and selecting the best results regard-
ing the ground truth is another method that combines
the advantages of existing methods.

The overall datasets have a large gap between each
other in terms of number and size, even in the same task,
as shown in Table 5, which would not avoid the differ-
ence in the extraction of features by the CNN. Further-
more, researchers use self-collected training and test
datasets; however, evaluating and comparing different
methods is challenging. Therefore, authoritative datasets
must be built for this task.

Loss function

Loss functions are critical elements, and their selection is
crucial in guiding network training. Each loss function
has advantages and disadvantages. Therefore, a specific
loss function was adopted based on the given task and
imaging environment. Table 6 lists the latest quality-loss

functions for data-driven polarimetric imaging. The
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Table 4 | Existing decomposition of Mueller matrix.

Decomposition of Mueller matrix Physical meanings

Mueller matrix polar decomposition (MMPD)'"

M = MpMrMp

1
2 Linear retardation

(Mr(2,2) + Mg(3,3))*+
(Mr(3,2) + Mg(2,3))?

D= /m}+m}+md (0<D<L1) Diattenuation

8 = arccos |:

A=1-— W(O <A< Depolarization
T
0 = 0.5arctan (—2) Orientation of fast axis
5t

Mg(3,2) — Mgr(2,3 . )
Mg(3,2) — MR(2,3) } Optical rotation

1
= —arctan
Y=3 {Mg(z, 2) — Mx(3,3)

Mueller matrix transformation (MMT)!°?

; \/(mzz = m33)2 + (m23 + m32)2
=

2 Anisotropy degree
b \ my, + m3,
T 2
b— ma) er ms3 Polarizance
2b'tle[ou Normalized anisot
= , ormalized anisotro
P tf py
m2, + m? . .
= \ Mo 43 Linear retardation
2

Rotation invariant parameters?'3-21

PL = \/m3 +m} € [0,1]] Linear polarizance

Pc = ma € [—1,]] Circular polarizance

Dy = y/m2, + mZ € [0,1] Linear diattenuation

D¢ = mis € [—1,1] Circular diattenuation

qL =/ my, + mﬁs € [0,1]
Capability of transforming between linear and circular polarizations

L= y/m3, +mi, €0,]]
1 M3y
oap = —arctan ([ —
2 may

1 mp3
ap = Earctan —

Orientation of maximum transmittance

my

42
ag = —arctan | ———
172 ( m43) . . .
Orientation of fast axis

1 M4
ay = —arctan [ ———
2 m3q

a= \/é [(mm + m)? + (maz — ’”32)2]

3 =3mjy — (mf + m3, + m33) Horizontal linear anisotropy

Mueller matrix anisotropy coefficients'®

+ moimio + moz2mao + mozmsg

— (masmzy + mimai + mipmar)

1 ) )
B= \/E [(moz + ma)? + (my3 — m31)2] 45° linear anisotropy

1 . .
y \/E [(m03 + m30)* + (mp — mZ1)2] Circular anisotropy
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Table 4 (Continued)

Decomposition of Mueller matrix

Physical meanings

Differential decomposition’*

; Ki Kq + Ky Ku + K, Kyt K,
/ L gl / /
_ _ Kq — Kq i Ki,q UM + 1y My + M
m = E my = Xy — % —n 4y Xi— K 4y
1 u u 1y 1y U iu 71(1 Wq

= / / / /
Ky —K, =1, +1, Mg + Mg ®i—Kiy

Differential Mueller matrix for depolarizing anisotropic media

Symmetric decomposition'®®

M = Mp;MpoM ;sMy Mpy
M = MMMy M M,
M = MpyMroMp;Mjpy M},
M = MraMpy, MM M1

Symmetric decomposition of Mueller matrix

Cloude decomposition'®®

1
mj = ETr (Tf’74i+j)

Cloude decomposition

following is a detailed description of several functions
that differ from the intensity loss functions.

i) Mean squared error (MSE) is the most widely used
indicator in deep learning, which standards the differ-
ence between the output images and the ground truth. In
data-driven polarimetric imaging, in addition to the dif-
ference in intensity, the polarization parameters also en-
sure the accuracy of the polarimetric representations.
The loss can be expressed as:

Lyse = Iy = 7l, , (36)
where y is the ground truth, and y is the output of the
network. Therefore, the measured information consists
of polarimetric representations, such as DoP(DoLP),
AoP(AoLP), Stokes vectors, Mueller matrix, spectrum,
HSV color space, and their perceptual representations
computed by a network model VGG.

ii) The mean absolute error (MAE) is a widely used in-
dicator. Compared to the MSE, the MAE has less blurri-
ness and noise; however, it is more unstable. The utiliza-
tion of the MAE loss function was similar to that of MSE
because the range of AoLP is 0 to 7 that always maps in-
to 0-177. However, 0 and 1 indicate the same physical
meaning where the error is the largest. Therefore, the
HSV spatial display rule was introduced to design a
closer distance on the circle of the AoLP. The loss func-
tion is defined as follows:

Lyiag, sorp = min (H)’_)A’le_ ||)’ _}A’HJ . (37)

iii) Cosine similarity (CS) is commonly used in the
surface-normal estimation of 3D reconstructions based
on polarimetric imaging. In the 3D polarimetric ima-
ging task, the surface normal map is calculated using

Fresnel's formula to generate the normal vectors, which

is different from the other information forms, ensuring
that the CS loss becomes the most suitable indicator. The

loss function is defined as follows:

Les=1— 22 (38)
IyILI71,

iv) SSIM is a widely used indicator of end-to-end net-
works. SSIM focuses on the brightness, contrast, and
structural similarity between two images. The SSIM im-
proves as the value increases within the range of [0, 1],
opposite to the goal of minimizing the similarity. The
loss function is defined as follows:

2up, o 205+

Loy =1 — : ,
S wtuwt+a o+o+o

(39)

where y_ and o0, denote the mean and standard devi-
ations of the image, respectively. 0,; is the cross-covari-
ance computed from the images of y and y. where ¢; and

¢, are constants.

Future of data-driven polarimetric imaging

The field of polarimetric imaging has been influenced by
deep learning, which has recently become one of the
most disruptive technologies. First, we analyze the trends
in data-driven polarimetric imaging, focusing on the ap-
plication of data-driven polarimetric imaging and re-
view existing research achievements. Furthermore, the
acquisition of high-accuracy polarization information is
the foundation for subsequent imaging and semantic
processing. Descattering, 3D shape reconstruction, re-
flection removal, biomedical imaging, pathological dia-
gnosis, target detection, and semantic segmentation are
crucial in the application of data-driven polarimetric

imaging. A comprehensive discussion is essential owing
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Table 5 | Summary of data-driven polarimetric imaging datasets.

Task Data Dataset Paired or not  No. of images Size Synthetic/Real
2020 Hu*? Paired 300000 64x64 Real
2022 LLCP% Paired — 64x64 Real
2018 Zhang®® Paired 215 640%480 Synthetic
2019 Zeng® Paired 76890 40%40 Synthetic
Section Restoration and enhancement of 2021 Wu# Paired — 64x64 Synthetic
accurate polarization information 2020 L= Paired 137000 64%64 Synthetic
2022 Yang’® Paired 337 1961x2381 Real
2022 Liu™ Paired 140000 64x64 Real
2021 Ting™® Paired 42228 512x512 Real
2022 Sis® Paired — 256%256 Real
2020 Hu?*® Paired 103000 64x64 Real
2021 Zhang™® Paired 2000 256%256 Real
2021 Ren'#8 Paired — — Real
Section Polarimetric descattering 2021 Zhou*® Paired — 240%240 Synthetic
2022 Shi’? Paired 60000 960%x576 Synthetic
2022 Ding*’ Paired 700 512x512 Real+Synthetic
2022 L Paired 5000 256%256 Real+Synthetic
2019 Ba®% Paired 300 256%256 Real
2020 SURREAL+PHSPD® Paired 312915 — Real
Section Three-dimensional shape 2020 Kondo’! Paired — — Real+Synthetic
reconstruction 2021 Lei®” Paired 522 1224x1024 Real
2021 Deschaintre®® Paired 100000 512x512 Synthetic
2022 TransSfP¢! Paired 936 512%x512 Real+Synthetic
2018 URD" Paired — 128x128 Synthetic
Section Reflection removal 2019 Lyu’ Paired — 256%256 Synthetic
2020 Lei®® Paired 100107 — Real
2018 Fan®* Paired 153 — Real
2019 Blin%? Paired 2730 — Real
2020 Sun®® Paired — 96x96 Real
Section Target detection
2020 CASIA-DOLP19¢ Unpaired 10697 224%224 Real
2021 USMANI"®" Paired 240 — Real
2022 Gao®' Paired 60 1224x1024 Real
2017 L Paired 10463 — Real
2018 [LEFA Paired 12162 — Real
Section Biomedical imaging and 2020 Zhao® Paired 100000 — Real
pathological diagnosis 2021 Zhou®® Paired 4500 40%40 Real
2021 Yao®’ Paired 400 64x64 Real
2021 Dong® Unpaired 49870 128x128 Real
2018 Yang®® Paired 9736 320%240 Real
Section Semantic segmentation 2019 POLABOT?®¢ Paired 700 256%256 Real
2020 Kalra® Paired 1000 — Real
to the input and utilization of polarization information, Strengths

datasets, and loss functions.

This section evaluates the future of data-driven polari-
metric imaging based on its strengths, weaknesses, and
opportunities. Furthermore, this approach is suitable for
developing instructive strategies for further studies that

combine deep learning and polarization information.

Data-driven polarimetric imaging represents a new
paradigm that combines deep learning and traditional
physical properties, including altering the patterns of
physical properties to achieve better results and balan-
cing the physical model and information extraction
between the traditional physical and high-order nonlinear
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Table 6 | Summary of loss functions.

Loss function

Applications

Section Restoration and enhancement of accurate polarization information, Section Polarimetric

Frobenius matrix norm?°46.68

Weighted mean squared error (WMSE)™
Preceptual loss5370.77

Mean squared error
(MSE)46‘48‘49 61,65,71-74,76-78

Mean absolute
EI'I'OI'(MAE )42—44 47,48,50,66,75,79,80,148
Negative pearson correlation coefficient
(NPCC)s®
Cosine similarity (CS)54656781
Perceptual normalized cross-correlation
(PNCC)>®
Structural similarity index (SSIM)*3.7®
Total variation (TV)%.7
Contrastive loss'®
Logistic regression®’
Ridge loss®”
Focal loss®®
Cross entropy loss (CEL)®

descattering
Section Polarimetric descattering

Section Polarimetric descattering

Section Restoration and enhancement of accurate polarization information, Section Polarimetric
descattering, Section Three-dimensional shape reconstruction, Section Reflection removal
Section Restoration and enhancement of accurate polarization information, Section Polarimetric
descattering, Section Three-dimensional shape reconstruction

Section Polarimetric descattering

Section Three-dimensional shape reconstruction

Section Reflection removal

Section Restoration and enhancement of accurate polarization information

Section Restoration and enhancement of accurate polarization information

Section Target detection

Section Biomedical imaging and pathological diagnosis

Section Biomedical imaging and pathological diagnosis

Section Semantic segmentation
Section Semantic segmentation

representation domains. Applying the information rep-
resented by the physical model and the deep network
layers enables researchers to exploit the potential fea-
tures embedded in all information-transmitted paths.

During the imaging process, the light source, trans-
mitted media, imaging system, and image processing
method influence visual performance. Moreover, model-
ing these complex processes using physical functions or
traditional methods is challenging. Network layers are
high-order polynomials expressed by the convolution
neural network. Therefore, nonlinear representations of
the network layers may be promising for simulating the
process.

The introduction of deep learning into conventional
polarimetric imaging and pattern recognition generates
more accurate coefficients for the physical model, simu-
lating a complicated processing approach not modeled
by physical functions. However, introducing a polari-
metric imaging model into the deep network would add
physical constraints and polarization information to
guide the network training to achieve better perform-
ance compared with the intensity network. Therefore,
data-driven polarimetric imaging probably enables cap-
abilities that cannot be realized using traditional methods.

Weaknesses

To achieve a better performance by training a polarimet-

ric imaging network, researchers must weigh the costs
associated with data-driven polarimetric imaging and
conventional approaches, which include the establish-
ment of polarimetric imaging datasets, storage of data al-
ways four times that of traditional datasets, and imaging
systems. Because balancing these costs and benefits is not
exact, some uncertainties are considered in this process.

A fundamental element of data-driven polarimetric
imaging is the availability of comprehensive datasets.
Most data-driven polarimetric imaging methods have fo-
cused on supervised deep learning. However, based on
polarimetric imaging methods and imaging environ-
ments, the corresponding ground truth is more challen-
ging to capture than in an intensity-based network. Ad-
ditionally, different polarimetric imaging techniques in-
troduce various errors and influence the visual perform-
ance of the network. For example, the division of time al-
ways suffers from mismatching in dynamic scenes, and
the division of the focal plane has a mosaicking problem
in principle. Existing methods have established their
datasets to respond to specific tasks. However, ensuring
similar performance from other datasets is challenging;
moreover, the existing dataset is insufficient to cover all
conditions, and its generalization ability is insufficient.
Real data changes over time, indicating increasing
volume and improper handling of methods.

The loss function, which is crucial in guiding the

230042-35



Yang K et al. Opto-Electron Sci 3, 230042 (2024)

https://doi.org/10.29026/0es.2024.230042

training of the network, is always similar to the intensity-
based methods used in data-driven polarimetric imaging.
General operators replace intensity images with polariza-
tion parameters. However, the intensity and polarization
information have entirely different optical properties.
The intensity image describes the reflectivity and trans-
missivity of the object; however, the polarization image
describes the texture details, material properties, shape,
shading, and roughness. These differences determine the
disparate designs of loss functions. However, there are
insignificant loss functions that focus on polarization
parameters.

Black boxes and their acceptance by applied research-
ers are inherent drawbacks of deep learning methods by
health professionals. Most researchers in practical ap-
plied fields are wary because deep learning theories have
not yet provided a complete and reasonable answer. In
addition, further development and optimization would
depend only on the performance of tasks without any
guidance from theories, which results in indeterminacy
in the study. Moreover, the legal implications of black
box functionality could be another challenge. For ex-
ample, who would be responsible if the results were in-
correct in pathological diagnosis or target detection? In
data-driven polarimetric imaging, the introduction of
polarization information may be helpful for the inter-
pretability of deep learning. Dong et al. attempted to use
a linear projection of input PBPs to interpret their signi-
ficance by learning the factors of each parameter.
However, many studies have been conducted to achieve
these goals®.

The combination and utilization of polarization in-
formation in deep learning are still in their infancy. In
most existing methods, polarization parameter images
are the only approach that uses polarization information
as the input into the network. The extraction of polariza-
tion features relies on the automatic processing of net-
work layers, which remains a challenge to utilize polariz-
ation information despite the unlimited opportunity for
improvement yet to be explored.

Opportunities

Based on the weaknesses of data-driven polarimetric
imaging, solutions have been proposed to address these
gaps. Furthermore, many novel training methods and
physical models exist, such as unsupervised or semi-su-
pervised training, transfer learning, and computational
imaging. Therefore, it must be combined with other ima-

ging or training theories to guide the optimization pro-
cess. In addition, three broad application areas: descat-
tering imaging, even high-scattering media, detection of
camouflage, spoofing targets, and enhancement and fu-
sion of information assess the potential of data-driven
polarimetric imaging in future applications.

The opportunities of methods

The assistance of physical model: A synthetic dataset
solves the scarcity of datasets. An accurate physical mod-
el that simulates information transmission is crucial in
dataset generation. With an additional physical con-
straint on the CNN, fewer training data are required to
achieve a more generalized result than conventional
methods. In addition, to obtain a synthetic dataset, vari-
ous parameters covering different imaging conditions
are crucial. Thus, the development of conventional po-
larimetric imaging methods is suitable for designing net-
work architectures.

Unsupervised or semi-supervised learning®'¢-215: Ob-
taining the ground truth for a large polarization dataset
is challenging. Therefore, unsupervised or semi-super-
vised learning is required to reduce the dependence on
the ground truth. However, image enhancement or im-
age processing is an end-to-end task; thus, existing learn-
ing methods without ground truth achieve poor per-
formance. A more comprehensive physical model must
be established, and more effective loss functions de-
signed to guide pipelines. In addition, the middle para-
meter may be generated without the ground truth, which
is also a feasible way to improve the performance.

Transfer learning*'*??%: Transfer learning allows the
optimized parameters for one dataset to train a new net-
work as initialization values for another dataset, which is
a feasible approach for reducing the dependence on data-
sets in data-driven polarimetric imaging because the
learned features can be promptly transferred from a
trained network to a new network for another task. The
fine-tuning technique is a typical method used in trans-
fer learning, which is faster and easier than training a
network from scratch. Therefore, the extracted features
were similar to the shallow layers; moreover, the shallow
layers in a trained network can be copied to the new net-
work for another task to reduce the cost of training time.

Multi-dimensional learning??'*%: The introduction of
polarization information that displays different physical
properties into a traditional intensity network can

provide more constraints and information sources to
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promote network inference. Similarly, the phase, spec-
trum, and other physical properties can be embedded in-
to a network to enhance performance. Phase is a repres-
entative generation of the change in light, and the spec-
trum describes the characteristics of the wavelength of
light. These properties would fill the gap in which a
single domain cannot fully represent the light domain for
all physical properties.

Federated learning??: To provide a practical training
set for deep learning in polarimetric imaging applica-
tions, obtaining various available datasets from different
institutes or corporations may be a possible solution.
There are several datasets for different tasks, as shown in
Table 5; however, the datasets collected by different
groups are not uniform because it is difficult to guaran-
tee a similar performance from other datasets. Therefore,
different datasets were beneficial, increasing the di-
versity of the collected samples. In addition, different
imaging systems, detectors, environments, and observa-
tion directions are challenging to simulate using existing
physical functions, which can improve the generaliza-
tion ability of the network and avoid overfitting. There-
fore, this is instructive for building and optimizing the
evaluation criterion, focusing on polarization images.

Emergence of metasurface and metalens’**-**’: The util-
ization of lenses and metasurfaces allows for tailored
control over light with specific polarization states,
achieved through deliberate design. This deliberate con-
trol enables superior capture, separation, and analysis of
polarized light signals, thereby significantly enhancing
the sensitivity and accuracy of acquiring polarization
datasets. These advancements not only amplify the po-
tential of data-driven polarimetric imaging but also com-
plement the capabilities of deep learning methodologies,
promising refined insights and higher precision in polar-
ization imaging applications.

The opportunities of applications

In the future, the optimization of methods will aim for
better visual performance in more widely applied fields.
For polarimetric imaging, the methods that depend on
polarization properties include descattering imaging,
high-scattering media, detection of camouflage, spoof-
ing targets, and enhancement and fusion of information.
Deep learning, nonlinear representation ability, and po-
tential feature extraction improve the accuracy of estim-
ating parameters and feasible transmitted functions com-
pared to conventional methods.

For descattering imaging in high-scattering media,
such as clouds, water, haze, smoke, smog, fog, mist in the
air, soil particles, algae, and mineral salt, in underwater
scenes, there are potential opportunities for data-driven
polarimetric imaging. However, further development of
physical models has amplified this ability. However, tra-
ditional model functions are challenging to handle in
complex imaging environments and always use simple
assumptions to simulate real parameters. The introduc-
tion of deep learning can model complicated conditions
in nonlinear cases using convolutional neural layers. Fu-
ture opportunities will arise from the development of
more accurate parameters for forming improved ima-
ging functions generated by deep learning.

Spoofing targets are another opportunity for camou-
flage detection. Target detection is widely applied in po-
larimetric imaging because the polarization information
can describe the material of an object, which is suitable
for camouflaging and spoofing targets of the same color
that the intensity information cannot distinguish. Next,
more comprehensive extraction of special features by the
neural network may further improve the success rate of
target detection.

The material surface, texture, and contrast are the
main characteristics described by polarization informa-
tion for enhancing and fusing information. Polarization
parameters are observable in low- or hard-light environ-
ments because they are unaffected by intensity. Con-
sequently, the fusion of polarization and other images
can extend the feature domain of an object. The network
generates a fusion based on data-driven polarization fu-
sion, enhancing performance by extracting more fea-
tures and providing more information on imaging ob-
jects or scenes compared with artificial coefficients.
Moreover, complementary features from various do-
mains are advantageous for other computer vision tasks,
such as object detection.

Conclusion

This review provides an overview of recent efforts to
summarize data-driven polarimetric imaging based on
seven classifications and discusses them comprehens-
ively from three perspectives. Based on the application
fields, the classifications consist of polarimetric descat-
tering, 3D shape reconstruction, reflection removal, res-
toration, enhancement of polarization information, tar-
get detection, biomedical imaging and pathological dia-
gnosis, and semantic segmentation. Subsequently, we
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synthetically analyze the input, datasets, and loss func-

tion, which are crucial in data-driven polarimetric ima-

ging, listing the existing datasets and loss functions with

an evaluation of their advantages and disadvantages. In

conclusion, deep-learning-based polarimetric imaging

introduces polarization information into the convolu-

tional neural network to achieve better performance than

traditional intensity imaging, bringing physical inter-

pretability to CNN through physical models. Through

research on existing data-driven polarimetric imaging,

the study of the corresponding fields can be improved to

a higher level, enabling them to enhance high-level visu-
al tasks.

References

1.

10.

11.

12.

13.

14.

Ronchi V. Barocas V. The Nature of Light. An Historical Sur-
vey (Harvard University Press, Cambridge, 1970).

Huard S. Polarization of Light (Wiley, Chichester, 1997).
Schechner YY, Karpel N. Recovery of underwater visibility and
structure by polarization analysis. IEEE J Oceanic Eng 30,
570-587 (2005).

Li XB, Hu HF, Zhao L et al. Polarimetric image recovery meth-
od combining histogram stretching for underwater imaging. Sci
Rep 8, 12430 (2018).

Liu TG, Guan ZJ, Li XB et al. Polarimetric underwater image
recovery for color image with crosstalk compensation. Opt
Laser Eng 124, 105833 (2020).

Liang J, Ren LY, Qu ES et al. Method for enhancing visibility of
hazy images based on polarimetric imaging. Photonics Res 2,
38-44 (2014).

Liu F, Han PL, Wei Y et al. Deeply seeing through highly tur-
bid water by active polarization imaging. Opt Lett 43,
4903-4906 (2018).

Liu F, Wei Y, Han PL et al. Polarization-based exploration for
clear underwater vision in natural illumination. Opt Express 27,
3629-3641 (2019).

Wei Y, Han PL, Liu F et al. Enhancement of underwater vision
by fully exploiting the polarization information from the Stokes
vector. Opt Express 29, 22275-22287 (2021).

Li X, Liu F, Han PL et al. Near-infrared monocular 3D compu-
tational polarization imaging of surfaces exhibiting nonuniform
reflectance. Opt Express 29, 15616—15630 (2021).

Han PL, Cai YD, Liu F et al. Computational polarization 3D:
new solution for monocular shape recovery in natural condi-
tions. Opt Laser Eng 151, 106925 (2022).

Cui ZP, Gu JW, Shi BX et al. Polarimetric multi-view stereo. In
Proceedings of 2017 IEEE Conference on Computer Vision
and Pattern Recognition (IEEE, 2017);
http://doi.org/10.1109/CVPR.2017.47.

Kadambi A, Taamazyan V, Shi BX et al. Depth sensing using
geometrically constrained polarization normals. Int J Comput
Vis 125, 34-51 (2017).

Kong N, Tai YW, Shin JS. A physically-based approach to re-
flection separation: from physical modeling to constrained op-
timization. /EEE Trans Pattern Anal Mach Intell 36, 209-221
(2014).

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

230042-38

https://doi.org/10.29026/0es.2024.230042

Bronstein AM, Bronstein MM, Zibulevsky M et al. Sparse ICA
for blind separation of transmitted and reflected images. Int J
Imag Syst Technol 15, 84—91 (2005).

Forssell G. Test and analysis of the detectability of personnel
mines in a realistic minefield by polarization in the infrared LW
region. Proc SPIE 5415, 187—195 (2004).

Forssell G. Passive IR polarization measurements applied to
covered surface landmines. Proc SPIE 5089, 547557 (2003).
Cremer F, de Jong W, Schutte K. Infrared polarization meas-
urements and modelling applied to surface laid anti-personnel
landmines. Opt Eng 41, 1021-1032 (2002).

Aron Y, Gronau Y. Polarization in the LWIR: a method to im-
prove target aquisition. Proc SPIE 5783, 653-661 (2005).
Ratliff BM, Lemaster DA, Mack RT et al. Detection and track-
ing of RC model aircraft in LWIR microgrid polarimeter data.
Proc SPIE 8160, 816002 (2011).

Voss KJ, Fry ES. Measurement of the Mueller matrix for ocean
water. Appl Opt 23, 4427-4439 (1984).

Fry ES, Voss KJ. Measurement of the Mueller matrix for phyto-
plankton. Limnol Oceanogr 30, 1322—1326 (1985).

Svensen @, Stamnes JJ, Kildemo M et al. Mueller matrix
measurements of algae with different shape and size distribu-
tions. Appl Opt 50, 5149-5157 (2011).

Wang WF, Lim LG, Srivastava S et al. Investigation on the po-
tential of Mueller matrix imaging for digital staining. J. Bio-
photonics 9, 364-375 (2016).

Du E, He HH, Zeng N et al. Mueller matrix polarimetry for dif-
ferentiating characteristic features of cancerous tissues. J Bio-
med Opt 19, 076013 (2014).

Le DL, Huynh TN, Nguyen DT et al. Characterization of
healthy and nonmelanoma-induced mouse utilizing the Stokes-
Mueller decomposition. J Biomed Opt 23, 125003 (2018).
Pierangelo A, Manhas S, Benali A et al. Multispectral Mueller
polarimetric imaging detecting residual cancer and cancer re-
gression after neoadjuvant treatment for colorectal carcino-
mas. J Biomed Opt 18, 046014 (2013).

Shukla P, Pradhan A. Mueller decomposition images for cer-
vical tissue: potential for discriminating normal and dysplastic
states. Opt Express 17, 1600—-1609 (2009).

Pierangelo A, Nazac A, Benali A et al. Polarimetric imaging of
uterine cervix: a case study. Opt Express 21, 14120-14130
(2013).

Egan WG. Polarization in remote sensing. Proc SPIE 0891
(1988). https://doi.org/10.1117/12.944289

David G, Thomas B, Dupart Y et al. UV polarization lidar for re-
mote sensing new particles formation in the atmosphere. Opt
Express 22, A1009-A1022 (2014).

Carotenuto V, de Maio A, Clemente C et al. Invariant rules for
multipolarization SAR change detection. /[EEE Trans Geosci
Remote Sens 53, 3294-3311 (2015).

Nagdimunov L, Kolokolova L, Mackowski D. Characterization
and remote sensing of biological particles using circular polar-
ization. J Quant Spectrosc Radiat Transfer 131, 59-65 (2013).
Wang F, Ainouz S, Lian CF et al. Multimodality semantic seg-
mentation based on polarization and color images. Neurocom-
puting 253, 193-200 (2017).

Xiang KT, Yang KL, Wang KW. Polarization-driven semantic
segmentation via efficient attention-bridged fusion. Opt Ex-
press 29, 4802—-4820 (2021).

Ni J, Zhang F, Ma F et al. Random region matting for the high-


https://doi.org/10.1109/JOE.2005.850871
https://doi.org/10.1038/s41598-018-30566-8
https://doi.org/10.1038/s41598-018-30566-8
https://doi.org/10.1016/j.optlaseng.2019.105833
https://doi.org/10.1016/j.optlaseng.2019.105833
https://doi.org/10.1364/PRJ.2.000038
https://doi.org/10.1364/OL.43.004903
https://doi.org/10.1364/OE.27.003629
https://doi.org/10.1364/OE.433072
https://doi.org/10.1016/j.optlaseng.2021.106925
http://doi.org/10.1109/CVPR.2017.47
https://doi.org/10.1007/s11263-017-1025-7
https://doi.org/10.1007/s11263-017-1025-7
https://doi.org/10.1109/TPAMI.2013.45
https://doi.org/10.1002/ima.20042
https://doi.org/10.1002/ima.20042
https://doi.org/10.1117/12.542700
https://doi.org/10.1117/12.487163
https://doi.org/10.1117/1.1467362
https://doi.org/10.1117/12.605316
https://doi.org/10.1364/AO.23.004427
https://doi.org/10.4319/lo.1985.30.6.1322
https://doi.org/10.1364/AO.50.005149
https://doi.org/10.1002/jbio.201500006
https://doi.org/10.1002/jbio.201500006
https://doi.org/10.1002/jbio.201500006
https://doi.org/10.1117/1.JBO.19.7.076013
https://doi.org/10.1117/1.JBO.19.7.076013
https://doi.org/10.1117/1.JBO.19.7.076013
https://doi.org/10.1117/1.JBO.18.4.046014
https://doi.org/10.1364/OE.17.001600
https://doi.org/10.1364/OE.21.014120
https://doi.org/10.1117/12.944289
https://doi.org/10.1364/OE.22.0A1009
https://doi.org/10.1364/OE.22.0A1009
https://doi.org/10.1109/TGRS.2014.2372900
https://doi.org/10.1109/TGRS.2014.2372900
https://doi.org/10.1016/j.jqsrt.2013.04.018
https://doi.org/10.1016/j.neucom.2016.10.090
https://doi.org/10.1016/j.neucom.2016.10.090
https://doi.org/10.1364/OE.416130
https://doi.org/10.1364/OE.416130
https://doi.org/10.1364/OE.416130

37.

38.

39.

40.

41.

42.

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

Yang K et al. Opto-Electron Sci 3, 230042 (2024)

resolution PolSAR image semantic segmentation. /EEE J Sel
Top Appl Earth Obs Remote Sens 14, 3040-3051 (2021).

Li ZS, Sun JS, Fan Y et al. Deep learning assisted variational
Hilbert quantitative phase imaging. Opto-Electron Sci 2,
220023 (2023).

Wang YYD, Wang H, Gu M. High performance “non-local” gen-
eric face reconstruction model using the lightweight Speckle-
Transformer (SpT) UNet. Opto-Electron Adv 6, 220049 (2023).
Guo YM, Zhong LB, Min L et al. Adaptive optics based on ma-
chine learning: a review. Opto-Electron Adv 5, 200082 (2022).
Li YX, Qian JM, Feng SJ et al. Deep-learning-enabled dual-fre-
quency composite fringe projection profilometry for single-shot
absolute 3D shape measurement. Opto-Electron Adv 5,
210021 (2022).

Chen YX, Zhang FY, Dang ZB et al. Chiral detection of bio-
molecules based on reinforcement learning. Opto-Electron Sci
2, 220019 (2023).

Hu HF, Lin Y, Li XB et al. IPLNet: a neural network for intens-
ity-polarization imaging in low light. Opt Lett 45, 6162-6165
(2020).

Zeng XL, Luo Y, Zhao XJ et al. An end-to-end fully-convolu-
tional neural network for division of focal plane sensors to re-
construct Sp, DoLP, and AoP. Opt Express 27, 8566-8577
(2019).

Wu RY, Zhao YQ, Li N et al. Real-time division-of-focal-plane
polarization imaging system with progressive networks. arXiv:
2110.13823 (2021).

https://doi.org/10.48550/arXiv.2110.13823

Li XB, Li HY, Lin Y et al. Learning-based denoising for polari-
metric images. Opt Express 28, 16309-16321 (2020).

Hu HF, Zhang YB, Li XB et al. Polarimetric underwater image
recovery via deep learning. Opt Laser Eng 133, 106152
(2020).

Ding XY, Wang YF, Fu XP. Multi-polarization fusion generat-
ive adversarial networks for clear underwater imaging. Opt
Laser Eng 152, 106971 (2022).

Zhou C, Teng MG, Han YF et al. Learning to dehaze with po-
larization. In Proceedings of the 35th Conference on Neural In-
formation Processing Systems (NeurlPS, 2021).

Zhu YM, Zeng TJ, Liu KW et al. Full scene underwater ima-
ging with polarization and an untrained network. Opt Express
29, 41865-41881 (2021).

Xu XY, Wan MG, Ge JY et al. ColorPolarNet: residual dense
network-based chromatic intensity-polarization imaging in low-
light environment. /EEE Trans Instrum Meas 71, 5025210
(2022).

Gao SH, Cao Y, Zhang WJ et al. Learning feature fusion for
target detection based on polarimetric imaging. App/ Opt 61,
D15-D21 (2022).

Blin R, Ainouz S, Canu S et al. Road scenes analysis in ad-
verse weather conditions by polarization-encoded images and
adapted deep learning. In Proceedings of 2019 IEEE Intelli-
gent Transportation Systems Conference 27-32 (IEEE, 2019);
https://doi.org/10.1109/ITSC.2019.8916853.

Lei CY, Huang XH, Zhang MD et al. Polarized reflection re-
moval with perfect alignment in the wild. In Proceedings of
2020 IEEE/CVF Conference on Computer Vision and Pattern
Recognition 1747-1755 (IEEE, 2020);
https://doi.org/10.1109/CVPR42600.2020.00182.

Fan W, Ainouz S, Meriaudeau F et al. Polarization-based car

55.

56.

57.

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

230042-39

https://doi.org/10.29026/0es.2024.230042

detection. In Proceedings of the 2018 25th IEEE International
Conference on Image Processing 3069-3073 (IEEE, 2018);
https://doi.org/10.1109/ICIP.2018.8451397.

Xie RC, Zu HY, Xue Y et al. Target detection method for polar-
ization imaging based on convolutional neural network. Proc
SPIE 11455, 1145577 (2020).

Zhang Y, Morel O, Blanchon M et al. Exploration of deep learn-
ing-based multimodal fusion for semantic road scene segment-
ation. In Proceedings of the 14th International Joint Confer-
ence on Computer Vision, Imaging and Computer Graphics
Theory and Applications 336—343 (SciTePress, 2019);
https://doi.org/10.5220/0007360403360343.

Kalra A, Taamazyan V, Rao SK et al. Deep polarization cues
for transparent object segmentation. In Proceedings of 2020
IEEE/CVF Conference on Computer Vision and Pattern Re-
cognition 8599-8608 (IEEE, 2020);
https://doi.org/10.1109/CVPR42600.2020.00863.

Si L, Huang TY, Wang XJ et al. Deep learning-based polariza-
tion feature retrieval from a single stokes vector. Proc SPIE
11963, 1196307 (2022).

Sun R, Sun XB, Chen FN et al. Polarimetric imaging detection
using a convolutional neural network with three-dimensional
and two-dimensional convolutional layers. Appl Opt 59,
151-155 (2020).

Li XP, Liao R, Zhou JL et al. Classification of morphologically
similar algae and cyanobacteria using Mueller matrix imaging
and convolutional neural networks. App/ Opt 56, 6520-6530
(2017).

Li XP, Liao R, Ma H et al. Polarimetric learning: a Siamese ap-
proach to learning distance metrics of algal Mueller matrix im-
ages. Appl Opt 57, 3829-3837 (2018).

Zhao YQ, Reda M, Feng K et al. Detecting giant cell tumor of
bone lesions using Mueller matrix polarization microscopic
imaging and multi-parameters fusion network. /EEE Sens J 20,
7208-7215 (2020).

Dong Y, Wan JC, Wang XJ et al. A polarization-imaging-based
machine learning framework for quantitative pathological dia-
gnosis of cervical precancerous lesions. [EEE Trans Med Ima-
ging 40, 3728-3738 (2021).

Ba YH, Gilbert A, Wang F et al. Deep shape from polarization.
In Proceedings of the 16th European Conference on Com-
puter Vision 554-571 (Springer, 2020);
https://doi.org/10.1007/978-3-030-58586-0_33.

Zou SH, Zuo ZX, Qian YM et al. 3D human shape reconstruc-
tion from a polarization image. In Proceedings of the 16th
European Conference on Computer Vision 351-368 (Springer,
2020); https://doi.org/10.1007/978-3-030-58568-6_21

Li DK, Lin B, Wang XY et al. High-performance polarization re-
mote sensing with the modified U-Net based deep-learning
network. /[EEE Trans Geosci Remote Sens 60, 5621110
(2022).

Lei CY, Qi CY, Xie JX et al. Shape from polarization for com-
plex scenes in the wild. In Proceedings of 2022 IEEE/CVF
Conference on Computer Vision and Pattern Recognition
12622-12631 (IEEE, 2021);
https://doi.org/10.1109/CVPR52688.2022.01230.

Zhang JC, Shao JB, Luo HB et al. Learning a convolutional
demosaicing network for microgrid polarimeter imagery. Opt
Lett 43, 4534—-4537 (2018).

Yang KL, Bergasa LM, Romera E et al. Predicting polarization


https://doi.org/10.1109/JSTARS.2021.3062447
https://doi.org/10.1109/JSTARS.2021.3062447
https://doi.org/10.29026/oes.2023.220023
https://doi.org/10.29026/oea.2023.220049
https://doi.org/10.29026/oea.2022.200082
https://doi.org/10.29026/oea.2022.210021
https://doi.org/10.29026/oes.2023.220019
https://doi.org/10.1364/OL.409673
https://doi.org/10.1364/OE.27.008566
https://doi.org/10.48550/arXiv.2110.13823
https://doi.org/10.1364/OE.391017
https://doi.org/10.1016/j.optlaseng.2020.106152
https://doi.org/10.1016/j.optlaseng.2022.106971
https://doi.org/10.1016/j.optlaseng.2022.106971
https://doi.org/10.1364/OE.444755
https://doi.org/10.1364/AO.441183
https://doi.org/10.1109/ITSC.2019.8916853
https://doi.org/10.1109/CVPR42600.2020.00182
https://doi.org/10.1109/ICIP.2018.8451397
https://doi.org/10.5220/0007360403360343
https://doi.org/10.1109/CVPR42600.2020.00863
https://doi.org/10.1364/AO.59.000151
https://doi.org/10.1364/AO.56.006520
https://doi.org/10.1364/AO.57.003829
https://doi.org/10.1109/JSEN.2020.2978021
https://doi.org/10.1109/TMI.2021.3097200
https://doi.org/10.1109/TMI.2021.3097200
https://doi.org/10.1109/TMI.2021.3097200
https://doi.org/10.1007/978-3-030-58586-0_33
https://doi.org/10.1007/978-3-030-58568-6_21
https://doi.org/10.1109/CVPR52688.2022.01230
https://doi.org/10.1364/OL.43.004534
https://doi.org/10.1364/OL.43.004534

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

Yang K et al. Opto-Electron Sci 3, 230042 (2024)

beyond semantics for wearable robotics. In Proceedings of the
2018 IEEE-RAS 18th International Conference on Humanoid
Robots 96—103 (IEEE, 2018);
https://doi.org/10.1109/HUMANOIDS.2018.8625005.

Zhang R, Gui XY, Cheng HY et al. Underwater image recov-
ery utilizing polarimetric imaging based on neural networks.
Appl Opt 60, 8419-8425 (2021).

Kondo Y, Ono T, Sun LG et al. Accurate polarimetric BRDF for
real polarization scene rendering. In Proceedings of the 16th
European Conference on Computer Vision 220-236 (Springer,
2020); https://doi.org/10.1007/978-3-030-58529-7_14.

Shi YJ, Guo EL, Bai LF et al. Polarization-based haze removal
using self-supervised network. Front Phys 9, 789232 (2022).
Wieschollek P, Gallo O, Gu JW et al. Separating reflection and
transmission images in the wild. In Proceedings of the 15th
European Conference on Computer Vision 90-105 (Springer,
2018); https://doi.org/10.1007/978-3-030-01261-8_6.

Lyu YW, Cui ZP, Li S et al. Reflection separation using a pair
of unpolarized and polarized images. In Proceedings of the
33rd International Conference on Neural Information Pro-
cessing Systems 1304 (Curran Associates Inc. , 2019);
https://doi.org/10.5555/3454287.3455591.

Liu TR, de Haan K, Bai BJ et al. Deep learning-based holo-
graphic polarization microscopy. ACS Photonics 7, 3023-3034
(2020).

Yang SL, Qu BW, Liu GS et al. Unsupervised learning polari-
metric underwater image recovery under nonuniform optical
fields. App/ Opt 60, 8198-8205 (2021).

Liu HD, Zhang YZ, Cheng ZZ et al. Attention-based neural net-
work for polarimetric image denoising. Opt Lett 47, 2726—2729
(2022).

Yang XJ, Zhao QH, Huang TY et al. Deep learning for denois-
ing in a Mueller matrix microscope. Opt Express 13,
3535-3551 (2022).

Wu XS, Zhang H, Hu XP et al. HDR reconstruction based on
the polarization camera. /EEE Robotics Autom Lett 5,
5113-5119 (2020).

Deschaintre V, Lin YM, Ghosh A. Deep polarization imaging
for 3D shape and SVBRDF acquisition. In Proceedings of 2021
IEEE/CVF Conference on Computer Vision and Pattern Re-
cognition 15562-15571 (IEEE, 2021);
https://doi.org/10.1109/CVPR46437.2021.01531.

Shao MQ, Xia CK, Yang ZD et al. Transparent shape from a
single view polarization image. arXiv: 2204.06331 (2023)
https://doi.org/10.48550/arXiv.2204.0633.

De S, Bruzzone L, Bhattacharya A et al. A novel technique
based on deep learning and a synthetic target database for
classification of urban areas in PolSAR data. IEEE J Sel Top
Appl Earth Obs Remote Sens 11, 154—170 (2018).

Blanchon M, Morel O, Seulin R et al. Outdoor scenes pixel-
wise semantic segmentation using polarimetry and fully convo-
lutional network. In Proceedings of the 14th International Joint
Conference on Computer Vision, Imaging and Computer
Graphics Theory and Applications 328-335 (SciTePress,
2019); https://doi.org/10.5220/0007360203280335.

Akkaynak D, Treibitz T, Shlesinger T et al. What is the space
of attenuation coefficients in underwater computer vision? In
Proceedings of 2017 IEEE Conference on Computer Vision
and Pattern Recognition 568-577 (IEEE, 2017);
http://doi.org/10.1109/CVPR.2017.68.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.

95.

96.

97.

98.

99.

100.

101.

102.

103.

104.

105.

230042-40

https://doi.org/10.29026/0es.2024.230042

Wang YH, Louie DC, Cai JY et al. Deep learning enhances po-
larization speckle for in vivo skin cancer detection. Opt Laser
Technol 140, 107006 (2021).

Zhou XM, Ma L, Brown W et al. Automatic detection of head
and neck squamous cell carcinoma on pathologic slides using
polarized hyperspectral imaging and machine learning. Proc
SPIE 11603, 116030Q (2021).

Yao Y, Zuo M, Dong Y et al. Polarization imaging feature char-
acterization of different endometrium phases by machine
learning. OSA Continuum 4, 1776-1791 (2021).

Azzam RMA. Division-of-amplitude photopolarimeter (DOAP)
for the simultaneous measurement of all four Stokes paramet-
ers of light. Opt Acta Int J Opt 29, 685-689 (1982).

Jellison GE. Four-channel polarimeter for time-resolved ellip-
sometry. Opt Lett 12, 766—768 (1987).

Compain E, Drevillon B. Broadband division-of-amplitude po-
larimeter based on uncoated prisms. App/ Opt 37, 5938-5944
(1998).

Ju HJ, Ren LY, Liang J et al. A Mueller matrix measurement
technique based on a division-of-aperture polarimetric camera.
Proc SPIE 10839, 108391F (2019).

Pezzaniti JL, Chenault DB. A division of aperture MWIR ima-
ging polarimeter. Proc SPIE 5888, 58880V (2005).

Gao SK, Gruev V. Bilinear and bicubic interpolation methods
for division of focal plane polarimeters. Opt Express 19,
26161-26173 (2011).

York T, Gruev V. Calibration method for division of focal plane
polarimeters in the optical and near-infrared regime. Proc SPIE
8012, 80120H (2011).

Hsu WL, Davis J, Balakrishnan K et al. Polarization micro-
scope using a near infrared full-Stokes imaging polarimeter.
Opt Express 23, 43574368 (2015).

Goldstein DH. Polarized Light 3rd ed (CRC Press, Boca Raton,
2017).

Li XB, Liu TG, Huang BJ et al. Optimal distribution of integra-
tion time for intensity measurements in stokes polarimetry. Opt
Express 23, 27690-27699 (2015).

Mueller H. On the theory of scattering of light. Proc Roy Soc A
Math Phys Eng Sci 166, 425449 (1938).

Liu F, Zhang SC, Han PL et al. Depolarization index from
Mueller matrix descatters imaging in turbid water. Chin Opt
Lett 20, 022601 (2022).

Ortega-Quijano N, Haj-lbrahim B, Garcia-Caurel E et al. Ex-
perimental validation of Mueller matrix differential decomposi-
tion. Opt Express 20, 1151-1163 (2012).

Lu SY, Chipman RA. Interpretation of Mueller matrices based
on polar decomposition. J Opt Soc Am A 13, 1106-1113
(1996).

He HH, Zeng N, Du E et al. A possible quantitative Mueller
matrix transformation technique for anisotropic scattering me-
dia/Eine mdgliche quantitative Miiller-Matrix-Transformations-
Technik flr anisotrope streuende Medien. Photonics Lasers
Med 2, 129-137 (2013).

Arteaga O, Garcia-Caurel E, Ossikovski R. Anisotropy coeffi-
cients of a Mueller matrix. J Opt Soc Am A 28, 548-553
(2011).

Ortega-Quijano N, Arce-Diego JL. Mueller matrix differential
decomposition. Opt Lett 36, 1942—-1944 (2011).

Ossikovski R. Analysis of depolarizing Mueller matrices
through a symmetric decomposition. J Opt Soc Am A 26,


https://doi.org/10.1109/HUMANOIDS.2018.8625005
https://doi.org/10.1364/AO.431299
https://doi.org/10.1007/978-3-030-58529-7_14
https://doi.org/10.3389/fphy.2021.789232
https://doi.org/10.1007/978-3-030-01261-8_6
https://doi.org/10.5555/3454287.3455591
https://doi.org/10.1021/acsphotonics.0c01051
https://doi.org/10.1364/AO.432994
https://doi.org/10.1364/OL.458514
https://doi.org/10.1364/BOE.457219
https://doi.org/10.1109/LRA.2020.3005379
https://doi.org/10.1109/CVPR46437.2021.01531
https://doi.org/10.48550/arXiv.2204.0633
https://doi.org/10.1109/JSTARS.2017.2752282
https://doi.org/10.1109/JSTARS.2017.2752282
https://doi.org/10.5220/0007360203280335
http://doi.org/10.1109/CVPR.2017.68
https://doi.org/10.1016/j.optlastec.2021.107006
https://doi.org/10.1016/j.optlastec.2021.107006
https://doi.org/10.1117/12.2582330
https://doi.org/10.1117/12.2582330
https://doi.org/10.1364/OSAC.414109
https://doi.org/10.1080/713820903
https://doi.org/10.1364/OL.12.000766
https://doi.org/10.1364/AO.37.005938
https://doi.org/10.1117/12.623543
https://doi.org/10.1364/OE.19.026161
https://doi.org/10.1364/OE.23.004357
https://doi.org/10.1364/OE.23.027690
https://doi.org/10.1364/OE.23.027690
https://doi.org/10.3788/COL202220.022601
https://doi.org/10.3788/COL202220.022601
https://doi.org/10.1364/OE.20.001151
https://doi.org/10.1364/JOSAA.13.001106
https://doi.org/10.1364/JOSAA.28.000548
https://doi.org/10.1364/OL.36.001942
https://doi.org/10.1364/JOSAA.26.001109

Yang K et al. Opto-Electron Sci 3, 230042 (2024)

106.

107.

108.

109.

110.

111.

112.

113.

114.

115.

116.

117.

118.

119.

120.

121.

122.

123.

124.

125.

126.

1109-1118 (2009).

Cloude SR. Group theory and polarisation algebra. Optik 75,
26-36 (1985).

Carnicer A, Javidi B. Polarimetric 3D integral imaging in
photon-starved conditions. Opt Express 23, 6408-6417 (2015).
Chen C, Chen QF, Xu J et al. Learning to see in the dark. In
Proceedings of 2018 IEEE/CVF Conference on Computer Vis-
ion and Pattern Recognition 3291-3300 (IEEE, 2018);
https://doi.org/10.1109/CVPR.2018.00347.

Tibbs AB, Daly IM, Roberts NW et al. Denoising imaging polar-
imetry by adapted BM3D method. J Opt Soc Am A 35,
690-701 (2018).

Gao SK, Gruev V. Gradient-based interpolation method for di-
vision-of-focal-plane polarimeters. Opt Express 21, 1137-1151
(2013).

Zhang JC, Luo HB, Hui B et al. Image interpolation for division
of focal plane polarimeters with intensity correlation. Opt Ex-
press 24, 20799-20807 (2016).

Zhang JC, Luo HB, Liang RG et al. Sparse representation-
based demosaicing method for microgrid polarimeter imagery.
Opt Lett 43, 3265—-3268 (2018).

Ratliff BM, LaCasse CF, Tyo JC. Interpolation strategies for re-
ducing IFOV artifacts in microgrid polarimeter imagery. Opt Ex-
press 17, 9112-9125 (2009).

Wen SJ, Zheng YQ, Lu F et al. Convolutional demosaicing net-
work for joint chromatic and polarimetric imagery. Opt Lett 44,
5646-5649 (2019).

Sargent GC, Ratliff BM, Asari VK. Conditional generative ad-
versarial network demosaicing strategy for division of focal
plane polarimeters. Opt Express 28, 38419-38443 (2020).

Sun YY, Zhang JC, Liang RG. Color polarization demosaick-
ing by a convolutional neural network. Opt Lett 46, 4338-4341
(2021).

Pistellato M, Bergamasco F, Fatima T et al. Deep demosa-
icing for polarimetric filter array cameras. |[EEE Trans Image
Process 31, 2017-2026 (2022).

Zhang JC, Chen JL, Yu HW et al. Polarization image demosa-
icking via nonlocal sparse tensor factorization. /EEE Trans
Geosci Remote Sens 60, 5607210 (2021).

Hagen N, Otani Y. Stokes polarimeter performance: general
noise model and analysis. App/ Opt 57, 4283—-4296 (2018).

Li XB, Hu HF, Liu TG et al. Optimal distribution of integration
time for intensity measurements in degree of linear polariza-
tion polarimetry. Opt Express 24, 7191-7200 (2016).

Lewis JJ, O’Callaghan RJ, Nikolov SG et al. Pixel- and region-
based image fusion with complex wavelets. Inf Fusion 8,
119-130 (2007).

Nencini F, Garzelli A, Baronti S et al. Remote sensing image
fusion using the curvelet transform. Inf Fusion 8, 143-156
(2007).

Li ST, Kang XD, Hu JW. Image fusion with guided filtering.
IEEE Trans Image Process 22, 2864-2875 (2013).

Liu Y, Liu SP, Wang ZF. A general framework for image fusion
based on multi-scale transform and sparse representation. /nf
Fusion 24, 147-164 (2015).

Li ST, Kang XD, Fang LY et al. Pixel-level image fusion: a sur-
vey of the state of the art. Inf Fusion 33, 100—112 (2017).
Zhang JC, Shao JB, Chen JL et al. PFNet: an unsupervised
deep network for polarization image fusion. Opt Lett 45,
1507-1510 (2020).

127.

128.

129.

130.

131.

132.

133.

134.

135.

136.

137.

138.

139.

140.

141.

142.

143.

144.

230042-41

https://doi.org/10.29026/0es.2024.230042

Zhang JC, Shao JB, Chen JL et al. Polarization image fusion
with self-learned fusion strategy. Pattern Recognit 118, 108045
(2021).

Lin TY, Dollar P, Girshick R et al. Feature pyramid networks for
object detection. In Proceedings of 2017 IEEE Conference on
Computer Vision and Pattern Recognition 936-944 (IEEE,
2017); http://doi.org/10.1109/CVPR.2017.106.

Song YB, Ma C, Gong LJ et al. CREST: convolutional residual
learning for visual tracking. In Proceedings of 2017 IEEE Inter-
national Conference on Computer Vision 2574-2583 (IEEE,
2017); https://doi.org/10.1109/iccv.2017.279.

Xu'Y, Wen J, Fei LK, Zhang Z. Review of video and image de-
fogging algorithms and related studies on image restoration
and enhancement. /EEE Access 4, 165-188 (2015).

Guo Y, Liu RW, Lu YX et al. Haze visibility enhancement for
promoting traffic situational awareness in vision-enabled intelli-
gent transportation. /EEE Trans Veh Technol 72,
15421-15435 (2023).

Nguyen K, Nguyen P, Bui DC et al. Analysis of the influence of
de-hazing methods on vehicle detection in aerial images. Int J
Adv Comput Sci Appl 13, 846—856 (2022).

Liu JP, Wang SJ, Wang X et al. A review of remote sensing
image dehazing. Sensors 21, 3926 (2021).

Karavarsamis S, Gkika I, Gkitsas V et al. A survey of deep
learning-based image restoration methods for enhancing situ-
ational awareness at disaster sites: the cases of rain, snow
and haze. Sensors 22, 4707 (2022).

Song YF, Nakath D, She MK et al. Optical imaging and image
restoration techniques for deep ocean mapping: a compre-
hensive survey. PFG J Photogramm Remote Sens Geoinf Sci
90, 243-267 (2022).

Islam J, Xia YY, Sattar J. Fast underwater image enhance-
ment for improved visual perception. [EEE Robot Autom Lett 5,
3227-3234 (2020).

Negi A, Chauhan P, Kumar K et al. Face mask detection clas-
sifier and model pruning with keras-surgeon. In Proceedings of
the 2020 5th IEEE International Conference on Recent Ad-
vances and Innovations in Engineering 1-6 (IEEE, 2020);
http://doi.org/10.1109/ICRAIE51050.2020.9358337.
Narasimhan SG, Nayar SK. Vision and the atmosphere. Int J
Comput Vis 48, 233-254 (2002).

Schechner YY, Narasimhan SG, Nayar SK. Polarization-based
Vision through haze. Appl Opt 42, 511-525 (2003).

Akkaynak D, Treibitz T. A revised underwater image formation
model. In Proceedings of 2018 IEEE/CVF Conference on
Computer Vision and Pattern Recognition 6723-6732 (IEEE,
2018); http://doi.org/10.1109/CVPR.2018.00703.

Akkaynak D, Treibitz T. Sea-Thru: a method for removing wa-
ter from underwater images. In Proceedings of 2019 IEEE/CVF
Conference on Computer Vision and Pattern Recognition
1682-1691 (IEEE, 2019);
http://doi.org/10.1109/CVPR.2019.00178.

Hu HF, Zhao L, Li XB et al. Underwater image recovery under
the nonuniform optical field based on polarimetric imaging.
IEEE Photonics J 10, 6900309 (2018).

Wei Y, Han PL, Liu F et al. Polarization descattering imaging: a
solution for nonuniform polarization characteristics of a target
surface. Chin Opt Lett 19, 111101 (2021).

Fabbri C, Islam J, Sattar J. Enhancing underwater imagery us-
ing generative adversarial networks. In Proceedings of 2018


https://doi.org/10.1364/OE.23.006408
https://doi.org/10.1109/CVPR.2018.00347
https://doi.org/10.1364/JOSAA.35.000690
https://doi.org/10.1364/OE.21.001137
https://doi.org/10.1364/OE.24.020799
https://doi.org/10.1364/OE.24.020799
https://doi.org/10.1364/OE.24.020799
https://doi.org/10.1364/OL.43.003265
https://doi.org/10.1364/OE.17.009112
https://doi.org/10.1364/OE.17.009112
https://doi.org/10.1364/OE.17.009112
https://doi.org/10.1364/OL.44.005646
https://doi.org/10.1364/OE.412687
https://doi.org/10.1364/OL.431919
https://doi.org/10.1109/TIP.2022.3150296
https://doi.org/10.1109/TIP.2022.3150296
https://doi.org/10.1364/AO.57.004283
https://doi.org/10.1364/OE.24.007191
https://doi.org/10.1016/j.inffus.2005.09.006
https://doi.org/10.1016/j.inffus.2006.02.001
https://doi.org/10.1109/TIP.2013.2244222
https://doi.org/10.1016/j.inffus.2014.09.004
https://doi.org/10.1016/j.inffus.2014.09.004
https://doi.org/10.1016/j.inffus.2016.05.004
https://doi.org/10.1364/OL.384189
https://doi.org/10.1016/j.patcog.2021.108045
http://doi.org/10.1109/CVPR.2017.106
https://doi.org/10.1109/iccv.2017.279
https://doi.org/10.1109/TVT.2023.3298041
https://doi.org/10.3390/s21113926
https://doi.org/10.3390/s22134707
https://doi.org/10.1109/LRA.2020.2974710
http://doi.org/10.1109/ICRAIE51050.2020.9358337
https://doi.org/10.1023/A:1016328200723
https://doi.org/10.1023/A:1016328200723
https://doi.org/10.1364/AO.42.000511
http://doi.org/10.1109/CVPR.2018.00703
http://doi.org/10.1109/CVPR.2019.00178
https://doi.org/10.3788/COL202119.111101

Yang K et al. Opto-Electron Sci 3, 230042 (2024)

145.

146.

147.

148.

149.

150.

151.

152.

153.

154.

155.

156.

157.

158.

159.

160.

IEEE International Conference on Robotics and Automation
7159-7165 (IEEE, 2018);
http://doi.org/10.1109/ICRA.2018.8460552.

Anwar S, Li CY, Porikli F. Deep underwater image enhance-
ment, arXiv: 1807.03528 (2018). https://doi.org/10.48550/arX-
iv.1807.03528

Wang N, Zhou YB, Han FL et al. UWGAN: underwater GAN for
real-world underwater color restoration and dehazing. arXiv:
1912.10269 (2019). https://doi.org/10.48550/arXiv.1912.10269
He KM, Sun J, Tang XO. Single image haze removal using
dark channel prior. IEEE Trans Pattern Anal Mach Intell 33,
2341-2353 (2011).

Ren QM, Xiang YF, Wang GC et al. The underwater polariza-
tion dehazing imaging with a lightweight convolutional neural
network. Optik 251, 168381 (2022).

Li BY, Peng XL, Wang ZY et al. AOD-Net: all-in-one dehazing
network. In Proceedings of 2017 IEEE International Confer-
ence on Computer Vision 4780-4788 (IEEE, 2017);
http://doi.org/10.1109/ICCV.2017.511.

Peng YT, Cao KM, Cosman PC. Generalization of the dark
channel prior for single image restoration. /IEEE Trans Image
Process 27, 2856-2868 (2018).

Fu XP, Liang Z, Ding XY et al. Image descattering and absorp-
tion compensation in underwater polarimetric imaging. Opt
Laser Eng 132, 106115 (2020).

Drews PLJ, Nascimento ER, Botelho SSC et al. Underwater
depth estimation and image restoration based on single im-
ages. IEEE Comput Graph Appl 36, 24-35 (2016).

Fu XY, Zhuang PX, Huang Y et al. A retinex-based enhancing
approach for single underwater image. In Proceedings of 2014
IEEE International Conference on Image Processing
4572-4576 (IEEE, 2014);
http://doi.org/10.1109/ICIP.2014.7025927.

Fu XY, Fan ZW, Ling M et al. Two-step approach for single un-
derwater image enhancement. In Proceedings of 2017 Interna-
tional Symposium on Intelligent Signal Processing and Com-
munication Systems 789-794 (IEEE, 2017);
http://doi.org/10.1109/ISPACS.2017.8266583.

Li BY, Ren WQ, Fu DP et al. Benchmarking single-image de-
hazing and beyond. IEEE Trans Image Process 28, 492-505
(2019).

Sakaridis C, Dai DX, Van Gool L. Semantic foggy scene un-
derstanding with synthetic data. Int J Comput Vis 126,
973-992 (2018).

Sakaridis C, Dai DX, Van Gool L. Model adaptation with syn-
thetic and real data for semantic dense foggy scene under-
standing. In Proceedings of the 15th European Conference on
Computer Vision (Springer, 2018);
https://doi.org/10.1007/978-3-030-01261-8_42.

Zhang YF, Ding L, Sharma G. HazeRD: an outdoor scene
dataset and benchmark for single image dehazing. In Proceed-
ings of 2017 IEEE International Conference on Image Pro-
cessing 3205-3209 (IEEE, 2017);
http://doi.org/10.1109/ICIP.2017.8296874.

Zhao SY, Zhang L, Huang SY et al. Dehazing evaluation: real-
world benchmark datasets, criteria, and baselines. |[EEE Trans
Image Process 29, 6947-6962 (2020).

Carlevaris-Bianco N, Mohan A, Eustice RM. Initial results in
underwater single image dehazing. In Proceedings of
OCEANS 2010 MTS/IEEE SEATTLE 1-8 (IEEE, 2010);

161.

162.

163.

164.

165.

166.

167.

168.

169.

170.

171.

172.

173.

174.

230042-42

https://doi.org/10.29026/0es.2024.230042

http://doi.org/10.1109/OCEANS.2010.5664428.

Huang DM, Wang Y, Song W et al. Shallow-water image en-
hancement using relative global histogram stretching based on
adaptive parameter acquisition. In Proceedings of the 24th In-
ternational Conference on Multimedia Modeling 453-465
(Springer, 2018);
https://doi.org/10.1007/978-3-319-73603-7_37.

Huang SC, Cheng FC, Chiu YS. Efficient contrast enhance-
ment using adaptive gamma correction with weighting distribu-
tion. IEEE Trans Image Process 22, 1032-1041 (2013).

Chao L, Wang M. Removal of water scattering. In Proceed-
ings of the 2010 2nd International Conference on Computer
Engineering and Technology V2-35-V2-39 (IEEE, 2010);
https://doi.org/10.1109/ICCET.2010.5485339.

Liang J, Ren LY, Ju HJ et al. Visibility enhancement of hazy
images based on a universal polarimetric imaging method. J
Appl Phys 116, 173107 (2014).

Hitam MS, Awalludin EA, Yussof WNJHW et al. Mixture con-
trast limited adaptive histogram equalization for underwater im-
age enhancement. In Proceedings of 2013 International Con-
ference on Computer Applications Technology 1-5 (IEEE,
2013); http://doi.org/10.1109/ICCAT.2013.6522017.

Fan R, Wang HL, Cai PD et al. SNE-RoadSeg: incorporating
surface normal information into semantic segmentation for ac-
curate freespace detection. In Proceedings of the 16th
European Conference on Computer Vision 340-356 (Springer,
2020); https://doi.org/10.1007/978-3-030-58577-8_21.
Kazhdan M, Bolitho M, Hoppe H. Poisson surface reconstruc-
tion. In Proceedings of the Fourth Eurographics Symposium on
Geometry ProcessING 61-70 (2006);
https://dl.acm.org/doi/10.5555/1281957.1281965.

Qi XJ, Liao RJ, Liu ZZ et al. Geonet: geometric neural network
for joint depth and surface normal estimation. In Proceedings
of 2018 IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition 283-291 (IEEE, 2018);
http://doi.org/10.1109/CVPR.2018.00037.

Huang JW, Zhou YC, Funkhouser T, Guibas L. FrameNet:
learning local canonical frames of 3D surfaces from a single
RGB image. In Proceedings of 2019 IEEE/CVF International
Conference on Computer Vision 8637-8646 (IEEE, 2019);
http://doi.org/10.1109/ICCV.2019.00873.

Wang R, Geraghty D, Matzen K et al. VPLNet: deep single
view normal estimation with vanishing points and lines. In Pro-
ceedings of 2020 IEEE/CVF Conference on Computer Vision
and Pattern Recognition 686—695 (IEEE, 2020);
http://doi.org/10.1109/CVPR42600.2020.00077.

Bansal A, Chen XL, Russell B et al. PixelNet: towards a gener-
al pixel-level architecture. arXiv: 1609.06694 (2016).
https://arxiv.org/abs/1609.06694

Li B, Shen CH, Dai YC et al. Depth and surface normal estima-
tion from monocular images using regression on deep fea-
tures and hierarchical CRFs. In Proceedings of 2015 IEEE
Conference on Computer Vision and Pattern Recognition
1119-1127 (IEEE, 2015);
http://doi.org/10.1109/CVPR.2015.7298715.

Atkinson GA. Polarisation photometric stereo. Comput Vis Im-
age Underst 160, 158—167 (2017).

Fukao Y, Kawahara R, Nobuhara S et al. Polarimetric normal
stereo. In Proceedings of 2021 IEEE/CVF Conference on
Computer Vision and Pattern Recognition 682-690 (IEEE,


http://doi.org/10.1109/ICRA.2018.8460552
https://doi.org/10.48550/arXiv.1807.03528
https://doi.org/10.48550/arXiv.1807.03528
https://doi.org/10.48550/arXiv.1807.03528
https://doi.org/10.48550/arXiv.1912.10269
https://doi.org/10.1109/TPAMI.2010.168
https://doi.org/10.1016/j.ijleo.2021.168381
http://doi.org/10.1109/ICCV.2017.511
https://doi.org/10.1109/TIP.2018.2813092
https://doi.org/10.1109/TIP.2018.2813092
https://doi.org/10.1016/j.optlaseng.2020.106115
https://doi.org/10.1016/j.optlaseng.2020.106115
http://doi.org/10.1109/ICIP.2014.7025927
http://doi.org/10.1109/ISPACS.2017.8266583
https://doi.org/10.1109/TIP.2018.2867951
https://doi.org/10.1007/s11263-018-1072-8
https://doi.org/10.1007/978-3-030-01261-8_42
http://doi.org/10.1109/ICIP.2017.8296874
https://doi.org/10.1109/TIP.2020.2995264
https://doi.org/10.1109/TIP.2020.2995264
http://doi.org/10.1109/OCEANS.2010.5664428
https://doi.org/10.1007/978-3-319-73603-7_37
https://doi.org/10.1109/TIP.2012.2226047
https://doi.org/10.1109/ICCET.2010.5485339
https://doi.org/10.1063/1.4901244
https://doi.org/10.1063/1.4901244
http://doi.org/10.1109/ICCAT.2013.6522017
https://doi.org/10.1007/978-3-030-58577-8_21
https://dl.acm.org/doi/10.5555/1281957.1281965
http://doi.org/10.1109/CVPR.2018.00037
http://doi.org/10.1109/ICCV.2019.00873
http://doi.org/10.1109/CVPR42600.2020.00077
https://arxiv.org/abs/1609.06694
http://doi.org/10.1109/CVPR.2015.7298715
https://doi.org/10.1016/j.cviu.2017.04.014
https://doi.org/10.1016/j.cviu.2017.04.014
https://doi.org/10.1016/j.cviu.2017.04.014

Yang K et al. Opto-Electron Sci 3, 230042 (2024)

175.

176.

177.

178.

179.

180.

181.

182.

183.

184.

185.

186.

187.

188.

189.

190.

191.

2021); http://doi.org/10.1109/CVPR46437.2021.00074

Zhu DZ, Smith WAP. Depth from a polarisation + RGB stereo
pair. In Proceedings of 2019 IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition 7578-7587 (IEEE, 2019);
http://doi.org/10.1109/CVPR.2019.00777.

Ding YQ, Ji Y, Zhou MY et al. Polarimetric helmholtz stereop-
sis. In Proceedings of 2021 IEEE/CVF International Confer-
ence on Computer Vision 5017-5026 (IEEE, 2021);
http://doi.org/10.1109/ICCV48922.2021.00499.

Atkinson GA, Hancock ER. Recovery of surface orientation
from diffuse polarization. /EEE Trans Image Process 15,
1653-1664 (2006).

Robles-Kelly A, Huynh CP. Imaging Spectroscopy for Scene
Analysis (Springer, London, 2013).

Frankot RT, Chellappa R. A method for enforcing integrability
in shape from shading algorithms. IEEE Trans Pattern Anal
Mach Intell 10, 439-451 (1988).

Miyazaki D, Tan RT, Hara K et al. Polarization-based inverse
rendering from a single view. In Proceedings of the Ninth IEEE
International Conference on Computer Vision 982-987 (IEEE,
2003); https://doi.org/10.1109/ICCV.2003.1238455.

Mahmoud AH, El-Melegy MT, Farag AA. Direct method for
shape recovery from polarization and shading. In Proceedings
of the 2012 19th IEEE International Conference on Image Pro-
cessing 1769—-1772 (IEEE, 2012);
https://doi.org/10.1109/ICIP.2012.6467223.

Loper M, Mahmood N, Romero J et al. SMPL: a skinned multi-
person linear model. ACM Trans Graph 34, 248 (2015).

Han PL, Li X, Liu F et al. Accurate passive 3D polarization face
reconstruction under complex conditions assisted with deep
learning. Photonics 9, 924 (2022).

Levin A, Weiss Y. User assisted separation of reflections from
a single image using a sparsity prior. IEEE Trans Pattern Anal
Mach Intell 29, 1647—-1654 (2007).

Li'Y, Brown MS. Exploiting reflection change for automatic re-
flection removal. In Proceedings of 2013 IEEE International
Conference on Computer Vision 2432—-2439 (IEEE, 2013);
https://doi.org/10.1109/ICCV.2013.302.

Zhou BL, Lapedriza A, Khosla A et al. Places: a 10 million im-
age database for scene recognition. [EEE Trans Pattern Anal
Mach Intell 40, 1452—1464 (2018).

Pang YX, Yuan MK, Fu Q et al. Progressive polarization based
reflection removal via realistic training data generation. Pat-
tern Recognit 124, 108497 (2022).

Girshick R, Donahue J, Darrell T et al. Rich feature hierarch-
ies for accurate object detection and semantic segmentation.
In Proceedings of 2014 IEEE Conference on Computer Vision
and Pattern Recognition 580-587 (IEEE, 2014);
https://doi.org/10.1109/CVPR.2014.81.

Girshick R. Fast R-CNN. In Proceedings of 2015 IEEE Interna-
tional Conference on Computer Vision 1440-1448 (IEEE,
2015); https://doi.org/10.1109/ICCV.2015.169.

Ren SQ, He KM, Girshick R et al. Faster R-CNN: towards real-
time object detection with region proposal networks. /EEE
Trans Pattern Anal Mach Intell 39, 1137—-1149 (2017).

Redmon J, Divvala S, Girshick R et al. You only look once: uni-
fied, real-time object detection. In Proceedings of 2016 IEEE
Conference on Computer Vision and Pattern Recognition
779-788 (IEEE, 2016);

https://doi.org/10.1109/CVPR.2016.91.

192.

193.

194.

195.

196.

197.

198.

199.

200.

201.

202.

203.

204.

205.

206.

207.

208.

230042-43

https://doi.org/10.29026/0es.2024.230042

Liu W, Anguelov D, Erhan D et al. SSD: single shot multibox
detector. In Proceedings of the 14th European Conference on
Computer Vision 21-37 (Springer, 2016);
https://doi.org/10.1007/978-3-319-46448-0_2.

Law H, Deng J. CornerNet: detecting objects as paired keypo-
ints. In Proceedings of the 15th European Conference on
Computer Vision 765-781 (Springer 2018);
https://doi.org/10.1007/978-3-030-01264-9_45

Wolff LB. Polarization-based material classification from spec-
ular reflection. |[EEE Trans Pattern Anal Mach Intell 12,
1059-1071 (1990).

Wolff LB. Surface orientation from polarization images. Proc
SPIE 850, 110-121 (1988).

Tian Y, Zhang KB, Wang LY et al. Face anti-spoofing by learn-
ing polarization cues in a real-world scenario. In Proceedings
of the 4th International Conference on Advances in Image Pro-
cessing 129-137 (ACM, 2020);
https://doi.org/10.1145/3441250.3441254.

Usmani K, Krishnan G, O'Connor T et al. Deep learning polari-
metric three-dimensional integral imaging object recognition in
adverse environmental conditions. Opt
12215-12228 (2021).

Shen Y, Lin WF, Wang ZF et al. Rapid detection of camou-
flaged artificial target based on polarization imaging and deep
learning. |[EEE Photonics J 13, 7800309 (2021).

Liu T, Lu M, Chen BG et al. Distinguishing structural features
between Crohn’s disease and gastrointestinal luminal tubercu-
losis using Mueller matrix derived parameters. J. Biophotonics
12, 201900151 (2019).

Shen YX, Huang RR, He HH et al. Comparative study of the
influence of imaging resolution on linear retardance paramet-
ers derived from the Mueller matrix. Biomed Opt Express 12,
211-225 (2021).

Sun T, Liu T, He HH et al. Distinguishing anisotropy orienta-
tions originated from scattering and birefringence of turbid me-
dia using Mueller matrix derived parameters. Opt Lett 43,
4092-4095 (2018).

Rehbinder J, Haddad H, Deby S et al. Ex vivo Mueller polari-
metric imaging of the uterine cervix: a first statistical evalu-
ation. J Biomed Opt 21, 071113 (2016).

Chue-Sang J, Bai YQ, Stoff S et al. Use of combined polariza-
tion-sensitive optical coherence tomography and Mueller mat-
rix imaging for the polarimetric characterization of excised bio-
logical tissue. J Biomed Opt 21, 071109 (2016).

Novikova T, Pierangelo A, Manhas S et al. The origins of po-
larimetric image contrast between healthy and cancerous hu-
man colon tissue. Appl Phys Lett 102, 241103 (2013).
Pierangelo A, Manhas S, Benali A et al. Ex vivo photometric
and polarimetric multilayer characterization of human healthy
colon by multispectral Mueller imaging. J Biomed Opt 17,
066009 (2012).

Dubreuil M, Babilotte P, Martin L et al. Mueller matrix polari-
metry for improved liver fibrosis diagnosis. Opt Lett 37,
1061-1063 (2012).

Wang WF, Lim LG, Srivastava S et al. Roles of linear and cir-

Express 29,

cular polarization properties and effect of wavelength choice
on differentiation between ex vivo normal and cancerous gast-
ric samples. J Biomed Opt 19, 046020 (2014).

Chen GH, Wang JY, Zhang AJ. Transparent object detection
and location based on RGB-D camera. J Phys Conf Ser 1183,


http://doi.org/10.1109/CVPR46437.2021.00074
http://doi.org/10.1109/CVPR.2019.00777
http://doi.org/10.1109/ICCV48922.2021.00499
https://doi.org/10.1109/TIP.2006.871114
https://doi.org/10.1109/34.3909
https://doi.org/10.1109/34.3909
https://doi.org/10.1109/ICCV.2003.1238455
https://doi.org/10.1109/ICIP.2012.6467223
https://doi.org/10.3390/photonics9120924
https://doi.org/10.1109/TPAMI.2007.1106
https://doi.org/10.1109/TPAMI.2007.1106
https://doi.org/10.1109/ICCV.2013.302
https://doi.org/10.1109/TPAMI.2017.2723009
https://doi.org/10.1109/TPAMI.2017.2723009
https://doi.org/10.1016/j.patcog.2021.108497
https://doi.org/10.1016/j.patcog.2021.108497
https://doi.org/10.1109/CVPR.2014.81
https://doi.org/10.1109/ICCV.2015.169
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1109/TPAMI.2016.2577031
https://doi.org/10.1109/CVPR.2016.91
https://doi.org/10.1007/978-3-319-46448-0_2
https://doi.org/10.1007/978-3-030-01264-9_45
https://doi.org/10.1109/34.61705
https://doi.org/10.1117/12.942866
https://doi.org/10.1117/12.942866
https://doi.org/10.1145/3441250.3441254
https://doi.org/10.1364/OE.421287
https://doi.org/10.1002/jbio.201900151
https://doi.org/10.1364/BOE.410989
https://doi.org/10.1364/OL.43.004092
https://doi.org/10.1117/1.JBO.21.7.071113
https://doi.org/10.1117/1.JBO.21.7.071109
https://doi.org/10.1063/1.4811414
https://doi.org/10.1117/1.JBO.17.6.066009
https://doi.org/10.1364/OL.37.001061
https://doi.org/10.1117/1.JBO.19.4.046020
https://doi.org/10.1088/1742-6596/1183/1/012011

Yang K et al. Opto-Electron Sci 3, 230042 (2024)

209.

210.

211.

212.

213.

214.

215.

216.

217.

218.

219.

012011 (2019).

Liu YJ, Jourabloo A, Liu XM. Learning deep models for face
anti-spoofing: binary or auxiliary supervision. In Proceedings of
2018 IEEE/CVF Conference on Computer Vision and Pattern
Recognition 389-398 (IEEE, 2018);
https://doi.org/10.1109/CVPR.2018.00048.

Wang T, He XM, Barnes N. Glass object localization by joint
inference of boundary and depth. In Proceedings of the 21st
International Conference on Pattern Recognition 3783-3786
(IEEE, 2012).

Xu YC, Nagahara H, Shimada A et al. TransCut: transparent
object segmentation from a light-field image. In Proceedings of
2015 IEEE International Conference on Computer Vision
3442-3450 (IEEE, 2015);
https://doi.org/10.1109/ICCV.2015.393.

Zhang SF, Wang XB, Liu AJ et al. A dataset and benchmark
for large-scale multi-modal face anti-spoofing. In Proceedings
of 2019 IEEE/CVF Conference on Computer Vision and Pat-
tern Recognition 919-928 (IEEE, 2019);
https://doi.org/10.1109/CVPR.2019.00101.

Sun MH, He HH, Zeng N et al. Characterizing the microstruc-
tures of biological tissues using Mueller matrix and trans-
formed polarization parameters. Biomed Opt Express 5,
4223-4234 (2014).

Li PC, Lv DH, He HH et al. Separating azimuthal orientation
dependence in polarization measurements of anisotropic me-
dia. Opt Express 26, 3791-3800 (2018).

Gil JJ. Invariant quantities of a Mueller matrix under rotation
and retarder transformations. J Opt Soc Am A 33, 52-58
(2016).

Le QV. Building high-level features using large scale unsuper-
vised learning. In Proceedings of 2013 IEEE International Con-
ference on Acoustics,
8595-8598 (IEEE, 2013);
https://doi.org/10.1109/ICASSP.2013.6639343.

Dy JG, Brodley CE. Feature selection for unsupervised learn-
ing. J Mach Learn Res 5, 845—-889 (2004).

Dike HU, Zhou YM, Deveerasetty KK et al. Unsupervised
learning based on artificial neural network: a review. In Pro-
ceedings of 2018 IEEE International Conference on Cyborg
and Bionic Systems 322—-327 (IEEE, 2018);
https://doi.org/10.1109/CBS.2018.8612259.

Pan SJ, Yang Q. A survey on transfer learning. |EEE Trans
Knowl Data Eng 22, 1345-1359 (2010).

Speech and Signal Processing

https://doi.org/10.29026/0es.2024.230042

220. Pan SJ, Tsang IW, Kwok JT et al. Domain adaptation via
transfer component analysis. /EEE Trans Neural Netw 22,
199-210 (2011).

221. Stevens SY, Delgado C, Krajcik JS. Developing a hypothetical
multi-dimensional learning progression for the nature of matter.
J Res Sci Teach 47, 687-715 (2010).

222. Xin M, Kundu S. Multi-task learning with high-dimensional
noisy images. J Am Stat Assoc (2021).

223. LiT, Sahu AK, Talwalkar A et al. Federated learning: chal-
lenges, methods, and future directions. /EEE Signal Process
Mag 37, 50-60 (2020).

224. Rubin NA, D’Aversa G, Chevalier P et al. Matrix Fourier optics
enables a compact full-Stokes polarization camera. Science
365, eaax1839 (2019).

225. Zhang YX, Pu MB, Jin JJ et al. Crosstalk-free achromatic full
Stokes imaging polarimetry metasurface enabled by polariza-
tion-dependent phase optimization. Opto-Electron Adv 5,
220058 (2022).

226. Tang DL, Shao ZL, Xie X et al. Flat multifunctional liquid crys-
tal elements through multi-dimensional information muiltiplex-
ing. Opto-Electron Adv 6, 220063 (2023).

227. ChenJ, Wang DP, Si GY et al. Planar peristrophic multiplex-
ing metasurfaces. Opto-Electron Adv 6, 220141 (2023).

Acknowledgements

We are grateful for the financial support from the National Natural Science
Foundation of China (Nos. 62205259, 62075175, 61975254, 62375212,
62005203 and 62105254), the Open Research Fund of CAS Key Laboratory
of Space Precision Measurement Technology (No. B022420004), and the
Fundamental Research Funds for the Central

ZYTS23125).

Universities (No.

Author contributions

K Yang, F Liu and SY Liang contributed equally to this work and drafted the
manuscript. M Xiang contributed to the part on restoration and enhance-
ment of accurate polarization information. PL Han contributed on the part
on polarimetric descattering and three-dimensional shape reconstruction.
JP Liu contributed to the part on reflection removal. X Dong contributed to
the part on target detection and semantic segmentation. Y Wei contributed
to the part on biomedical imaging and pathological diagnosis. B] Wang, K
Shimizu, XP Shao provided resource support and supervised the project. All
authors read, corrected and approved the manuscript.

Competing interests

The authors declare no competing financial interests.

Scan for Article PDF

230042-44


https://doi.org/10.1109/CVPR.2018.00048
https://doi.org/10.1109/ICCV.2015.393
https://doi.org/10.1109/CVPR.2019.00101
https://doi.org/10.1364/BOE.5.004223
https://doi.org/10.1364/OE.26.003791
https://doi.org/10.1364/JOSAA.33.000052
https://doi.org/10.1109/ICASSP.2013.6639343
https://doi.org/10.1109/CBS.2018.8612259
https://doi.org/10.1109/TKDE.2009.191
https://doi.org/10.1109/TKDE.2009.191
https://doi.org/10.1109/TNN.2010.2091281
https://doi.org/10.1002/tea.20324
https://doi.org/10.1080/01621459.2022.2140052.
https://doi.org/10.1126/science.aax1839
https://doi.org/10.29026/oea.2022.220058
https://doi.org/10.29026/oea.2023.220063
https://doi.org/10.29026/oea.2023.220141

	Introduction
	Data-driven polarimetric imaging
	Short history
	Trends

	Applications of data-driven polarimetric imaging
	Restoration and enhancement of accurate polarization information
	Polarimetry techniques
	Restoration and enhancement of polarization information methods

	Polarimetric descattering
	Polarimetric imaging model in scattering media
	End-to-end descattering network
	Physical-model-guided descattering network
	Physical-model-integrated descattering network

	Three-dimensional shape reconstruction
	Principles of polarization 3D shape reconstruction
	Data-driven shape from polarization in single reflection
	Data-driven shape from polarization in mixed reflections

	Reflection removal
	Limitations of reflection removal based on polarization
	Data-driven polarization reflection removal based on synthetic datasets
	Data-driven polarization reflection removal under real-world datasets

	Target detection
	Biomedical imaging and pathological diagnosis
	Existing biomedical imaging methods
	Physical interpretation of network layers

	Semantic segmentation

	Discussion
	Input and utilization of polarization information
	Datasets
	Loss function

	Future of data-driven polarimetric imaging
	Strengths
	Weaknesses
	Opportunities
	The opportunities of methods
	The opportunities of applications


	Conclusion
	References

