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Fig. 1 Framework of unsupervised polarimetric-image denoising generative adversarial network
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Fig. 2 Structure of generative adversarial network. (a) Structure of generators; (b) structure of discriminators
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Table 1 Indicator comparison of intensity, DolLP, and AoP images for different network structures

Network Net-1 Net-2 Net-3 Net-4
Duore X N X N
Doy X X N, N,
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) PSNR /dB 19. 2122 24.5586 26.2351 27.6377
DoLP image
SSIM 0.5517 0.6536 0.6631 0. 6849
) PSNR /dB 13. 3240 12.7801 13.9141 15. 4566
AoP image
SSIM 0.1912 0.1912 0.1979 0.2123
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Fig. 4 Processing results of indoor noise images by different methods
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Table 2 Indicator comparison of intensity, DoLLP, and AoP images for different methods

Method Intensity image DoL P image AoP image
SSIM PSNR /dB SSIM PSNR /dB SSIM PSNR /dB
BM3D 0. 8863 33.3374 0.2940 23.4488 0.1942 13.6127
PDRDN 0.8928 31.4548 0.6843 25.2243 0.2049 15.8199
Proposed 0.8877 31.3139 0. 6849 27.6377 0.2123 15. 4566
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Fig. 5 Denoising results of four different materials
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Table 3 Indicator comparison of intensity, DolLP, and AoP images for different materials

Material Intensity image DoLP image AoP image
SSIM PSNR /dB SSIM PSNR /dB SSIM PSNR /dB
Resin 0.9007 32.5596 0.6703 27. 3557 0.2071 15.7295
Fabric 0.9207 33.4452 0.7776 30. 1627 0.2462 15. 8806
Wood 0. 8755 31.0895 0.6748 30. 2264 0.2319 16.6111
Plastic 0.9181 32.8964 0.7755 27.9045 0. 2409 16. 4649
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Fig. 6 Processing results of outdoor noise images by different methods
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Abstract

Objective

The imaging process of polarization images in the natural environment is easily affected by noise, which not

only causes the acquired relevant polarimetric parameters to deviate from their real values but also affects the further
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processing of subsequent polarization information. Due to nonlinear operations, polarimetric parameters such as the degree

of polarization (DoP) and the angle of polarization (AoP) are easily distorted by noise, especially in photon-starved
environments. Therefore, effective denoising is crucial to polarimetric imaging. The denoising method based on deep
learning can significantly remove the influence of noise on polarization images. However, the performance of current
supervised algorithms is highly dependent on the labeled dataset, and high-quality polarization labels are difficult to obtain
in practical applications, which limits the application of the existing methods. Therefore, this paper proposes a polarization
image denoising method based on unsupervised learning. This method breaks the restriction that supervised learning-based
deep learning requires strictly paired images and uses unpaired polarization images to train a polarization-specialized cycle
generative adversarial network (CycleGan). The method in this paper are of great significance to the application of

polarimetric imaging in complex noise environments.

Methods In the proposed CycleGan structure, the discriminator for the input domain is removed, and two discriminators
for polarimetric parameters are added. In the structure of generators, the residual dense block (RDB) is introduced to
extract abundant local features via densely connected convolutional layers, and PatchGANSs are adopted for discriminators,
which can work on arbitrarily sized images and grow the receptive field after each convolution layer. In addition, a batch
normalization (BN) layer and a ReL.U layer are added right after each convolutional layer to accelerate network training.
Furthermore, a cycle consistency loss is maintained to keep the consistency between input and output, and two cycle
gradient losses are introduced for the degree of linear polarization (DoLLP) and AoP to preserve the variations of polarization
information. With the help of the designed network structure and the polarization-based loss function, the network trained

by unpaired polarization images can statistically learn the mapping between noisy and clean images.

Results and Discussions Experiments show that the network can effectively suppress the noise of polarization images in
different indoor and outdoor environments and recover DoLLP and AoP. The ablation experiment proves the effectiveness
of additional polarization discriminators. With two discriminators, the network accurately recovers both DolLP and AoP
images (Fig. 3) and achieves the highest PSNR/SSIM value among different network structures (Table 1). Compared
with other methods, the unsupervised method has the best performance in terms of intensity, DoLLP, and AoP images
(Fig. 4). The average PSNR and SSIM of indoor images illustrate that the method has advantages in the reconstruction of
DoLP images (Table 2). Several groups of experiments on different materials, including resin, fabric, wood, and plastic,
are conducted to verify the universality of the proposed method. The denoised results reveal that the proposed method can
suppress the noise of these materials for polarization information (Fig. 5). Finally, experiments with outdoor noise
polarization images are carried out to verify the robustness of the method. Compared to the supervised method, the
unsupervised method does not see dramatical performance degradation when applied to different environments (Fig. 6),

which is important for the application of polarization imaging in realistic environments.

Conclusions This paper proposes a polarization image denoising method based on unsupervised learning. On the basis of
the CycleGan model, a structure of generative adversarial network suitable for polarization image denoising is designed.
Through an unsupervised training network with unpaired images, a denoising network model that can effectively remove
the noise of polarization images and restore polarization information is obtained. Experiments with indoor images are
conducted to test the method, and qualitative and quantitative evaluations are given. The experimental results show that
this method can achieve the same performance as the supervised learning method in indoor image denoising and can
effectively restore polarization information, especially in DoLP image restoration. Furthermore, the polarization images of
different materials are tested. The results reveal that this method has good generalization and can effectively recover the
polarization information of different materials. In addition, the outdoor images are also tested, and a qualitative evaluation
is presented. The experimental results suggest that this method can effectively remove the noise of indoor and outdoor
images and restore real polarization information when indoor images are used as the training set. The models and methods
proposed in this study can be extended to other applications. For example, they can be used to study polarization image

denoising and polarization information recovery in extreme environments (e. g. , night, low light).

Key words image processing; polarimetric imaging; polarization image denoising; unsupervised learning; generative

adversarial network
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