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The complex underwater environment and light scattering effect lead to severe degradation problems in
underwater images, such as color distortion, noise interference, and loss of details. To address the color distortion,
noise interference, and loss of detail problems in underwater images, researchers propose a triple-branch dense

block-based generative adversarial network (TDGAN) for the quality enhancement of underwater images.

generative adversarial network (GAN) underwater image enhancement multiscale dense

| 1. Introduction

Underwater imaging technology is widely used in deep-sea resource exploration, marine rescue, biodiversity
monitoring, and submarine cable laying. However, the images captured by the underwater cameras encounter
several degradation problems, such as color distortion, low contrast, and blurring 2. The main reasons for the
above problems are threefold. Firstly, the underwater propagation of light is exponentially attenuated, and this
attenuation acts on different wavelengths. In particular, the red channel has the most obvious attenuation.
Therefore, raw underwater images are always bluish or greenish compared to images taken in the air. Secondly,
stray light is added to the sensor due to the scattering effect 2, resulting in a haze effect on the entire scene and
reducing the image resolution and quality. Finally, the colors of underwater images are often distorted, owing to the
influence of external environments such as water depth and lighting conditions [Bl. The above three aspects cause
the underwater image degradation, which cannot meet the practical application requirements. Moreover, the
limitations of camera equipment are also a factor in the degradation of underwater images. The reason is that
cameras cannot, as the human eye can, capture the full range of brightness [4l. Note that underwater images refer

to photographs captured by cameras in the underwater environment.

Many image enhancement and restoration methods have been developed to improve the quality of underwater
images in the past few years. Underwater image enhancement methods are mainly based on the redistribution of
pixel intensities to improve the color and contrast of images; for example, the image enhancement method &
enhances underwater images by adjusting image pixel values. Unlike underwater image enhancement, underwater
image restoration usually requires the establishment of an effective degradation model and consideration of the
underwater imaging mechanism and the physical properties of underwater light propagating. The key parameters
of the constructed physical model are derived through prior knowledge, and the underwater image is restored
through a retention compensation process 8. For example, Refs. EIE ysed an image formation model to restore
underwater images. However, considering the complex underwater physics and optics in the image enhancement

and restoration process, the limitations of traditional methods are apparent. Limited by the problems of insufficient
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training data and parameter selection, traditional methods encounter the poor generalization performance problem,
which is manifested in the cases wherein the enhanced images of some scenes are over-enhanced or under-
enhanced. With the development of artificial intelligence technology, deep learning methods have been applied to
underwater image processing LULLL2ML3] ynder the premise of abundant training data, deep learning dramatically
improves the generalization ability of the traditional methods and can enhance the image quality in different
underwater scenes. For instance, Li et al. 19 proposed WaterGAN, which uses synthetic real-world images, raw
underwater images, and depth data to train a deep learning network for correcting color underwater images.
Similar to waterGAN, Fabbri et al. also used a GAN method to enhance underwater images. Firstly, the distorted
image is reconstructed based on the CycleGAN 4] and then the underwater GAN (UGAN) 22 is used to train the
reconstructed underwater image pairs. Finally, a clear underwater image is obtained based on the pix2pix 18
model. Furthermore, based on Ref. 28 |slam et al. 2 designed a fast underwater image enhancement model
(FunieGAN) using the U-net network to generate underwater images with rich visual perception. Although deep
learning-based methods can obtain high-quality underwater images, the training time and image quality (e.g., noise
and image details) depend on the structure of the neural network. Moreover, color consistency and training stability

are the main problems that restrict the performance of the existing deep learning-based methods.

To solve the problems of color distortion, noise interference, and detail loss in the underwater image, researchers
propose a generative adversarial network with a triple-branch dense block (TDGAN). Firstly, a triple-branch dense
block (TBDB) is developed without building an underwater degradation model and prior image knowledge. The
TBDB, which combines dense stitching, multi-scale techniques, and residual learning, can fully utilize feature
information and recover image details. Secondly, a dual-branch discriminative network that can extract high-
frequency information is designed to extract high-dimensional features and obtain low-dimensional discriminative
information. The discriminator can guide the generator to pay attention to the global semantics and local details of
the image and output images with prominent local details. In addition, a multinomial loss function is constructed to
enrich the visual appearance of the images and obtain high-quality underwater images that align with human visual
perception. The non-reference and full-reference metrics are utilized for quantitative comparison, and many
experiments prove that TDGAN has higher evaluation metrics on underwater images. Moreover, two ablation
studies are used to demonstrate the function of each component in the module. Finally, application tests are used
to verify the effectiveness of TDGAN.

| 2. Traditional Underwater Image Enhancement Methods

Recently, many traditional methods have been proposed to enhance or restore underwater images, such as dark
channel prior (DCP) 18] histogram equalization (HE) 22, contrast limited adaptive histogram equalization (CLAHE)
(201 ynsupervised colour correction method (UCM) 21 and underwater light attenuation prior (ULAP) 22, etc. On
the other hand, with the purpose of improving underwater image contrast, Deng et al. presented a removing light
source color and dehazing (RLSCD) method 23], which considered the scene depth correlation with decay. The
results show that the RLSCD method has the advantage of improving the contrast and brightness of underwater

images. Tao et al. 24 reconstructed high-quality underwater images by improving white balance and image fusion
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strategies. In 24, a multi-scale fusion scheme is designed to adjust the contrast, saturation, and brightness of the

image.

Moreover, to solve the problem of color cast and low visibility of underwater images, Ref. 23 proposed an
underwater image enhancement method called MLLE. In this method, the color and details of the image are locally
adjusted through a fusion strategy, and the contrast of the image is adaptively adjusted by the mean and variance
of the local image blocks. The underwater images of MLLE are characterized by high contrast and clarity. To solve
the problem of color distortion in underwater images, Ke et al. 281 designed a framework for underwater image
restoration. Firstly, a color correction is performed in the Lab color space to remove the color cast. Then, the
transmission map of each channel is corrected using the relationship between the scattering coefficient and
wavelength. Experiments show that this method significantly improves underwater image detail and color
saturation. For the problem of underwater image color correction, Zhang et al. 24 proposed a color correction
method, where a dual-histogram-based iterative thresholding method was developed to obtain global contrast-
enhanced images and a finite histogram method with Rayleigh distribution was designed to obtain local contrast-

enhanced images.

3. Underwater Image Enhancement Method Based on Deep
Learning

Over the past few years, deep learning-based underwater image enhancement methods have made remarkable
achievements. However, many underwater image enhancement techniques based on deep learning often produce
artifacts and color distortion. To solve these problems, Wang et al. [28 proposed a two-phase underwater domain
adaptation network (TUDA) to generate underwater images competitive in both visual quality and quantitative
metrics. Sun et al. (22 developed an underwater multi-scene generative adversarial network (UMGAN) to enhance
underwater images. This method uses a feedback mechanism and a denoising network to address noise and
artifacts in generated images. To study the inherent degradation factors of underwater images and improve the
network’s generalization ability, Xue et al. B9 designed a multi-branch aggregation network (MBANet). The
MBANet analyzes underwater degradation factors from the perspective of color distortion and the veil effect and

can significantly improve the performance of underwater object detection.

Furthermore, Cai et al. B proposed a CURE-Net to enhance the details of underwater images. The CURE-Net is
composed of three cascaded subnetworks, a detail enhancement block, and a supervisory restoration block. The
results indicate that CURE-Net achieves a gradual improvement of degraded underwater images. Ref. [22
developed a priori-guided adaptive underwater compressed sensing framework (UCSNet) to reproduce underwater
image details. UCSNet uses the principle of multiple networks, where the sampling matrix generation network

(SMGNet) is used to capture structural information and highlight image details.

| 4. Underwater Image Evaluation Metrics
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Since image quality is affected by many factors, the assessment of the image quality is usually divided into two

types: qualitative and quantitative assessment. Underwater image quality evaluation indicators commonly used by

researchers are Underwater Color Image Quality Evaluation (UCIQE) 23] and Underwater Image Quality Metric

(UIQM) B4l |n 2015, Yang et al. 33 found a correlation among the image sharpness, color, and subjective

perception of the image quality and proposed an image quality evaluation method (UCIQE) for underwater images.

UCIQE is a linear model involving contrast, hue, and saturation. Like UCIQE, UIQM constructs a linear combination

of Underwater Image Color Metric (UICM), Underwater Image Sharpness Metric (UISM), and Underwater Image

Contrast Metric (UIConM). Therefore, the larger the UCIQE and UIQM, the better the underwater image quality.

Additionally, full-reference image quality assessment metrics Peak Signal to Noise Ratio (PNSR) B2 and Structural

Similarity Index Measurement (SSIM) 8] are also often used to evaluate the quality between the generated image

and the reference image. The larger the PSNR and SSIM values, the better quality of the generated images.
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