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ABSTRACT

Water scattering is a significant limiting factor for underwater imaging quality. It changes the transportation
direction of the original light path, causes the attenuation of light intensity, and so on. In this work, we use a
synthetic polarizing camera to capture the images with different polarization states and reduce the impact of
water scattering in one step with the underwater light propagation model and the Stokes vector. In addition, an
untrained deep network is designed to complete the image descattering processing. Compared with the methods
based on deep learning or physical model prior, it is more efficient. This technology is suitable for use in portable
underwater imaging optical systems for real-time imaging and detecting particulate matter such as microplastics
and microbial particles. It also broadens the application of underwater polarization imaging.
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1. INTRODUCTION

Underwater imaging technology is widely used in marine biological detection, underwater topography exploration,
and marine water quality evaluation. However, due to the specificity of the composition of seawater, there is a
serious degradation of underwater image quality. In the marine environment, natural light decays exponentially
with the propagation distance, resulting in a significant drop in contrast when imaging objects at a distance.1

The degree of attenuation and absorption of light in water varies with its wavelength. The extinction effect of red
light is greater than that of blue light, which makes underwater images have a certain degree of color distortion.2

In addition, due to the existence of various particles in seawater, the absorption and scattering of light will be
large, affecting the quality of underwater imaging.

Currently, methods for clear underwater imaging can be divided into two categories according to their imag-
ing principles, namely physical model-based methods and non-physical model methods. The non-physical model
method only relies on image processing methods to improve underwater image quality. Such methods include
image fusion technology,3 histogram equalization technology,4 wavelet transform technology5 and so on. Since
this kind of method enhances the visual effect from the perspective of human vision, the improvement is lim-
ited. The model-based methods mainly use the classic underwater imaging model, namely the Jaffe-McGlamery
model,6,7 for image processing. This model inverts the image degradation process by modeling the light intensity
distribution of the underwater light field to guide clear underwater imaging. Popular imaging methods based
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Figure 1. The underwater back-scattering model.

on physical models include polarization imaging,8,9 structured light imaging,10,11 and synchronous scanning
imaging,12 etc. Among them, the polarization imaging method is widely used due to its advantages such as
good imaging quality and relatively simple equipment. Based on the Jaffe-McGlamery model, Schechner et al.13

restored the clarity of the underwater image by calculating the degree of polarization of the backscattered light
and the transmittance of the medium. Hu et al.14 considered the polarization characteristics of linearly polar-
ized light and circularly polarized light comprehensively and achieved clear imaging in water with high turbidity.
In addition, the polarization imaging technology can get rid of the limitations of the water environment on the
imaging effect. Experiments have confirmed that excellent imaging results can be achieved in a variety of complex
environments. For example, Tyo et al.15 demonstrated the image recovery capability of the polarization differ-
ential imaging method when the background light is partially polarized and non-polarized. Chang et al.8 found
that the polarization and brightness-based method has good image recovery capabilities for both depolarization
targets and polarization-maintaining targets.

In recent years, learning-based methods have been widely used in image reconstruction and restoration.16–18

This kind of method can take advantage of the non-linear fitting ability of the network and extract the image
features in the clear image through a large amount of learning on the data set, thereby reconstructing the
original image. For example, Ren et al. successfully reconstructed digital holographic images by using end-to-end
deep learning networks and improved the performance of autofocusing in the digital holographic system.16,18

In addition, the learning-based method also has excellent performance in some special scenes, such as image
reconstruction in low-light scenes.19,20 However, the effect of its image restoration largely depends on the
quality of the data set. The untrained methods based on physical models can make up for such shortcomings to
a certain extent.21

This study is organized as follows: In Section 2, we introduce the definition of the Jaffe-McGlamery model.
And the working principle of our proposed polarization-based underwater imaging method. In addition, the
structure and the loss function of the untrained network are also shown in this section. In Section 3, we show
the experimental results and performed relevant analysis. In Section 4, we give a brief summary.

2. METHOD

2.1 Polarization-based underwater imaging

The Jaffe-McGlamery model is the basic model for most underwater imaging methods,6,7 which is shown in
Figure 1. In this model, the light intensity recorded by the camera contains the signal light and the backscattered
light. The light intensity recorded by the camera includes two parts: signal light and backscattered light. Among
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them, the signal light carries object information and enters the camera after being reflected on the surface of the
object. Backscattered light is the natural light that enters the camera after being scattered by particles in the
water. Therefore, the light intensity I(x, y) recorded by the camera can be expressed as

I(x, y) = S(x, y) +B(x, y), (1)

where S(x, y) represents object signal light and B(x, y) represents backscattered light. When the original object
signal light propagates in the underwater environment, due to the absorption and scattering of the water body,
the relationship between the signal light intensity reaching the camera, which is the S(x, y), and the original
signal light intensity O(x, y) can be described as

S(x, y) = O(x, y) · T (x, y), (2)

where T (x, y) is the underwater transmission rate. In addition, the backscattered light is also related to the
transmission rate, which is given by

B(x, y) = B∞(1− T (x, y)), (3)

where B∞ is the sunlight at infinity. Combining (1)-(3), the total intensity recorded by camera can be expressed
as

I(x, y) = O(x, y) · T (x, y) +B∞(1− T (x, y)). (4)

Polarization difference imaging is based on the difference in polarization characteristics of the signal light
and backscattered light. Therefore, the signal light and the backscattered light can be expressed as orthogonal
linear forms, which are

S(x, y) = Spd(x, y) + Spr(x, y) (5)

and
B(x, y) = Bpd(x, y) +Bpr(x, y), (6)

where Spd(x, y) and Bpd(x, y) represent the light perpendicular to the original polarization direction, and Spr(x, y)
and Bpr(x, y) represent the light parallel to the original polarization direction. In the Jaffe-McGlamery model,
the signal light is considered to be polarized, while the backscattered light is unpolarized. The following light
intensity relationship can be obtained

Sd(x, y) = Spr(x, y)− Spd(x, y) (7)

and
Bd(x, y) = Bpr(x, y)−Bpd(x, y) = 0, (8)

where Sd(x, y) and Bd(x, y) are intensity difference of signal light and backscattered light, respectively. Com-
bining (7) and (8), the backscattered light is removed and the signal light is retained. We can use Stokes vectors
(S0, S1 and S2) to describe the polarization state of light, given by

S0(x, y) = I0(x, y) + I90(x, y), (9)

S1(x, y) = I0(x, y)− I90(x, y), (10)

S2(x, y) = 2I45(x, y)− S0(x, y), (11)

where I0(x, y), I45(x, y) and I90(x, y) are light intensity at the polarization directions of 0◦, 45◦ and 90◦, re-
spectively. Here, we define the polarization angle of the backscattered light as θ. Therefore, Spd(x, y), Spr(x, y),
Bpd(x, y), and Bpd(x, y) could be rewritten as

Spd(x, y) = S(x, y) + sin 2θ · S1S(x, y)− cos 2θ · S2S(x, y), (12)

Spr(x, y) = S(x, y)− sin 2θ · S1S(x, y) + cos 2θ · S2S(x, y), (13)

Bpd(x, y) = B(x, y) + sin 2θ · S1B(x, y)− cos 2θ · S2B(x, y), (14)
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and
Bpd(x, y) = B(x, y)− sin 2θ · S1B(x, y) + cos 2θ · S2B(x, y), (15)

where S1S(x, y), S2S(x, y), S1B(x, y) and S2B(x, y) are the Stokes vectors of signal light and backscattered light,
respectively. Combining (12)-(14) with (1), (7) and (8), the descattered image O(x, y) is obtained by

O(x, y) = S1S(x, y)− 1

tan 2θ
S2S(x, y). (16)

Here, we denote (16) as model M(·) to get the descattered image mathematically.

2.2 Untrained network

We use an untrained network to compensate for the unsatisfactory imaging effect when only using model M(·)
to descatter. The network has a structure of U-Net22 with a loss function of

L(w) =
∥∥M{

U
(
I(x, y);w

)}
− I(x, y)

∥∥2
2
, (17)

where U(·;w) represents the randomly initialized U-Net with weights w. Here, the I0(x, y), I45(x, y) and I90(x, y)
are packaged together to be the input I(x, y) of the network.

3. RESULT

(a) I0(x, y) (b) I45(x, y) (c) I90(x, y)

(d) Jaffe-McGlamery model (e) DCP (f) our method

Figure 2. (a)-(c): Input images of the network, which are (a) I0(x, y), (b) I45(x, y) and (c) I90(x, y). (d)-(f): Descattered
images by (d) Jaffe-McGlamery model, (e) dark channel prior (DCP) and (f) our method.
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We show the input images and the experimental results in Figure 2. To compare the descattered performance
of our method, we also show the result of the dark channel prior (DCP).23 DCP is one of the classic image
restoration methods. In this theory, at least one of the three channels of the image is a low-intensity channel,
that is, a dark channel, and this prior is used to estimate the transmittance of the image.

As shown in Figure 2, compared to the input images, all three methods have improved the image quality to a
certain extent. Among them, the method based on the Jaffe-McGlamery model, which is shown in Figure 2(d),
removes part of the influence of water scattering. However, by observing the background area, it can be known
that this method mainly performs image restoration by improving the image quality as a whole, which has a
limited effect. In addition, for the result of DCP, as shown in Figure 2(e), the overall intensity of the image is
dark. The detailed information in the image is lost to a certain extent. In comparison, the image processed by
our method can retain image details well. By observing the background area, it can be known that the influence
of water scattering can be removed specifically.

4. CONCLUSION

In this study, we show an underwater image descattering method based on the polarization principle and un-
trained network. Based on the Jaffe-McGlamery model, this method uses the polarization difference theory in
the form of Stokes vector to perform image descattering processing and compensates the imaging effect through
an untrained network. In this process, the required input images can be obtained by a polarization camera in
one shot. In addition, the network does not require additional data sets for training. As the experimental result
showed, this method can remove the influence of water scattering on the premise of retaining the image detail
information well. This method can be further used for underwater clear imaging24 of microplastic particles.25,26
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