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Abstract—With the deepening of deep sea resources development and scientific research, teleoperated underwater vehicle (ROV) is playing an increasingly important role in underwater image acquisition. However, due to the complexity of the underwater environment, the images acquired by ROV usually have problems such as light attenuation, color distortion, and noise interference, which affect the quality and usability of the image. In order to overcome these problems, this paper conducts research on ROV underwater image enhancement technology, aiming to improve the visual quality and information acquisition ability of underwater images. This thesis studies the underwater image enhancementalgorithm based on the channel spatial attention mechanism. The main research contentsinclude. First: synthesize underwater image data sets in different ways, compare the impact of different data sets on underwater image enhancement network,and select the data set with the best effect. Second: Aiming at the problems of different color channels and different spatialattenuation degree of underwater image, a depth residual network model combined with channel spatial attention mechanism is proposed. Using channel spatial attention fusionmechanism, different weight information is added to different color channels and different pixel positions of underwater image, so that the network model can deal with differentattenuation information differently; Combined with perceptual loss to retain the rich color information of underwater image. Third: In order to better enhance the underwater degraded image and retain the multi-scale information of the underwater image, this thesis adopts an UNET network structure combined with attention mechanism to enhance the underwater image, and adopts a semi supervised training method to make the synthetic underwater imagemore fit the real underwater image, so as to improve the generalization ability of the network.
Keywords—Teleoperated underwater robot (ROV),  Underwater image enhancement, Deep learning, Light attenuation, Scientific research
Introduction 
With the accelerated pace of human exploration into the oceans, people are increasingly accustomed to using Remotely Operated Vehicles (ROVs) to replace human labor for underwater tasks, such as underwater search and inspection, underwater navigation, and marine farming and fishing.
The resources in the marine world constitute a significant portion of the Earth's resources, and there are still many unknown resources waiting to be discovered and explored by humans. Therefore, countries around the world have intensified their efforts to explore marine resources. The collection of underwater images can assist researchers in obtaining relevant information about the underwater environment, thereby advancing progress in engineering construction or resource exploration. Therefore, underwater vision technology has provided significant assistance to research in the field of marine science. Whether in underwater engineering construction [1] or underwater resource exploration [2], observation of the underwater environment is essential. Due to the complexity of the underwater environment, images captured using optical cameras often suffer from various degradation phenomena, such as color distortion, blurriness, low contrast, and low illumination. These issues pose significant challenges to applications and research based on optical underwater images. The main reasons for underwater image degradation are threefold: first, the attenuation of red light waves in water is greater than that of blue and green waves, resulting in differential attenuation of light during underwater propagation, leading to color distortion in collected underwater images, making them prone to appear either bluish or greenish. Second, various suspended impurities and algae in water affect light propagation, resulting in low contrast and blurry images. Additionally, underwater light intensity decreases with increasing water depth, leading to low illumination in deeper underwater regions where there is a lack of light sources. Figure 1.1 displays images collected in different underwater scenarios, and due to the low quality of collected underwater images, they are challenging to use directly for research.
The purpose of underwater image enhancement work is to improve the quality of collected underwater images, making them contain richer feature information, thereby enhancing the visual effects of underwater images. Compared to image enhancement tasks on land, underwater image enhancement tasks face more complex scenarios. The task of underwater image enhancement is of great significance to the development of underwater vision, as it not only aids in observing underwater environments but also provides assistance to underwater vision-related tasks such as underwater target detection [3,4] and underwater target recognition [5]. There are several challenges in underwater image enhancement tasks: (1) Unlike the general principles of image formation, the principles of underwater imaging are more complex and are subject to greater external influences, resulting in various degradation phenomena in collected underwater images. Therefore, the methods used in underwater image enhancement work require strong generalization capabilities. Often, a method may achieve good results for one type of degraded underwater image but perform poorly for other types or even introduce additional noise, reducing image quality. Designing a network model capable of handling different types of degradation phenomena is one of the key focuses of underwater image enhancement work. (2) Due to the influence of underwater image formation principles, underwater images have varying degrees of attenuation in different color channels and different spatial positions. Therefore, different treatment is needed for different attenuation levels. (3) In recent years, there has been limited progress in underwater image enhancement work, and one of the significant reasons for this is the difficulty in collecting corresponding reference images for degraded images. The dataset is a crucial part of image enhancement tasks, so the synthesis or collection of datasets that contribute to enhancing underwater image enhancement work remains a challenge.
Literature Review
	At present, methods for underwater image enhancement can mainly be divided into traditional image processing methods and data-driven methods. Due to significant advancements in deep learning-based approaches in various computer vision domains, many researchers have applied deep learning-based methods to underwater image enhancement. The method employed in this paper is based on deep learning for underwater image enhancement.
Traditional Underwater Image Enhancement Methods:
	Traditional underwater image enhancement methods primarily apply conventional image processing techniques to the task of enhancing underwater images. These methods require the manual design of processing pipelines and may perform well for certain degradation phenomena. However, they often lack generalization capabilities and struggle to adapt to different underwater environments. Research on enhancing underwater images using traditional image processing methods can be categorized into two types: non-physical model-based methods and physical model-based methods.
Non-Physical Model-Based Methods:
	Non-physical model-based methods enhance underwater images by directly adjusting the pixel values of the images without the need to establish mathematical or physical models. For instance, Singhai et al. [6] proposed the use of histogram equalization to enhance underwater images. This method stretches the distribution of the underwater image's histogram to make it nearly uniform, thereby enhancing image quality to some extent. However, histogram equalization algorithms tend to overlook local information in underwater images, and real underwater images often exhibit not only low contrast but also various degrees of color degradation. To address these shortcomings, Iqbal et al. [7] introduced a method that enhances underwater images in different color spaces. This approach first enhances the contrast of underwater images in the RGB color space and then converts the color space to HIS. By stretching the brightness and saturation information of the underwater image, it enhances the brightness of the underwater image. Finally, the brightness-enhanced underwater image is converted back to the RGB color space to complete the enhancement process. While the above methods can improve the quality of underwater images to some extent, they may not yield satisfactory results for severely degraded underwater images. As research on underwater image enhancement continues to grow, researchers have improved traditional image processing methods to address the imaging characteristics of underwater images. To tackle color shifts and poor visibility in underwater images, Dong et al. [8] proposed an algorithm that operates on different color spaces of underwater images. This method first adjusts the color bias of underwater images in the RGB color space and then uses histogram equalization in the L channel of the LAB color space for local contrast enhancement. Finally, the underwater image is converted from the LAB color space back to the RGB color space and undergoes sharpening to complete the enhancement process. To leverage the advantages of different enhancement methods, Ancuti et al. [9] introduced a feature fusion method for enhancing underwater images. This method performs color correction and contrast enhancement on the original image separately and then fuses the two enhanced underwater images to accomplish the enhancement task. The Retinex method [10, 11] is a commonly used image enhancement technique. The Retinex theory posits that the color information exhibited by an object is determined by its reflectance of red, green, and blue light. Compared to other traditional image enhancement methods, the Retinex method not only enhances a certain feature of the image but also helps balance dynamic range compression, edge enhancement, and color correction to a certain extent. Therefore, the Retinex method has been widely applied to underwater image enhancement tasks. Following the principles of the Retinex image processing method, Fu et al. [12] obtained the reflection and illumination components of images in the spatial domain. They corrected the color bias in the degraded underwater images and applied sharpness refinement to obtain enhanced underwater images. Zhang et al. [13] proposed an underwater image enhancement algorithm that combines guided filtering with the Retinex theory. This method also obtains the illumination and reflection components of the degraded underwater images according to the Retinex theory and further enhances the edges of the obtained illumination and reflection components using bilateral filtering. Muniraj et al. [14] introduced an enhancement method that combines the Retinex theory. Muniraj et al. [15] introduced an enhancement method that combines the Retinex theory with adaptive histogram equalization and a filter to preserve edge information in underwater images. In addition to the above non-physical model-based methods, other approaches include grayscale enhancement algorithms [16], white balance algorithms [17], and compensation algorithms for different color channels in underwater images [18, 19].
Physical Model-Based Methods:
Jaffe-McGlamery [20] described the underwater image formation model, which explains the processes and parameters related to underwater image degradation. Therefore, it is possible to compute parameters such as light intensity and transmittance based on the model and use them to recover clear underwater images. He et al. [21] proposed a dark channel prior algorithm (DCP) for underwater image enhancement. The DCP algorithm is based on the assumption that most clear images contain pixels with low brightness. By estimating the transmittance of the image based on this prior, the DCP algorithm effectively removes haze from the image. Since the imaging principles of underwater images have some similarities to those of images captured in foggy conditions, many researchers have explored underwater image enhancement based on the DCP algorithm. Drews et al. [22] combined the DCP algorithm with the characteristics of underwater imaging, proposing a DCP algorithm adapted to underwater images. This approach estimates the transmission map of underwater images and uses it for enhancement. As the red channel in underwater images is more severely attenuated, Galdran et al. [23] improved the traditional dark channel prior algorithm by considering underwater image characteristics. They presented an enhancement algorithm based on the red channel of underwater images, which helps correct the red channel of underwater images. To eliminate color shifts in underwater images and recover the attenuation information in the red channel, Li et al. [24] used a grayscale assumption method to perform color correction in the red channel of underwater images. They applied the DCP algorithm to remove haze in the blue and green channels, completing the underwater image enhancement process.

While most of the above methods can enhance individual underwater images to some extent, they often struggle with limited generalization capabilities and cannot effectively handle different types of degraded images.
Data-Driven Underwater Image Enhancement Methods:
	In the field of computer vision, data-driven methods based on deep learning have achieved significant success in tasks such as object detection [25-27] and image segmentation [28]. Consequently, an increasing number of deep learning methods have been applied to underwater image enhancement. Compared to traditional image processing methods, deep learning-based approaches for underwater image enhancement often demonstrate better generalization capabilities.
	Data-driven methods for enhancing underwater images can be broadly categorized into two types:
Hybrid Methods Combining Physical Models with Deep Learning:
	Some researchers attempt to train neural network models to estimate parameters related to underwater images, such as background illumination, transmittance maps, and depth information. They then combine these estimates with physical models of underwater image formation to obtain enhanced underwater images.
 End-to-End Deep Learning Methods:
	End-to-end deep learning methods directly take degraded underwater images as input and produce enhanced results without explicitly estimating physical parameters. These methods often offer greater flexibility and efficiency.
	Next, we will provide separate introductions to these two different types of data-driven underwater enhancement methods:
Hybrid Methods Combining Physical Models with Deep Learning:
	Wang et al. [29] introduced a CNN-based network model (UIE-Net) for enhancing underwater images. This network model consists of three parts: a shared network composed solely of convolutional layers, a color correction network, and an image dehazing network. The shared network extracts features from input underwater images and transfers them to the color correction and dehazing networks. These networks use the extracted features to estimate color-corrected images and transmission maps, respectively, based on physical models of underwater image formation. Cao et al. [30] proposed a deep network comprising two parts: a background light estimation network (BL-Net) and a transmission map estimation network (TM-Net). BL-Net consists of convolutional layers, batch normalization layers, pooling layers, and two fully convolutional layers, and it predicts background light parameters in the range [0,1]. TM-Net includes a coarse global sub-network and a refinement sub-network. The coarse global sub-network consists of five convolutional layers and predicts coarse depth, which is combined with the output of the refinement network's first layer. The refinement network then outputs estimated depth parameters, which are used to calculate transmission maps. Finally, with the obtained transmission maps and background light parameters, the model uses guided filtering to enhance the underwater images. Inspired by style transfer networks, Lu et al. [31] proposed an enhanced underwater image color correction model (MCycleGAN) that combines multi-scale structural similarity loss. This network's goal is to transfer the style of underwater images to the enhanced images. The authors also calculated transmission maps using the dark channel prior algorithm for underwater images. To obtain parameters related to underwater images, Hou et al. [32] introduced a deep residual network for estimating depth maps of underwater images. They estimated background light using the dark channel prior algorithm and then processed the images based on the physical model of underwater image formation, ultimately obtaining enhanced underwater images. Training a network model to predict physical parameters of underwater images and then enhancing underwater images based on these parameters can introduce cumulative errors, leading to the introduction of additional noise in the enhanced underwater images. To address this issue, more researchers have adopted end-to-end network models to directly obtain enhanced underwater images.
End-to-End Deep Learning Methods:
	Sun et al. [33] proposed an underwater image enhancement algorithm based on a P2P network. The model employs a network architecture similar to REDNet [34]. The encoder uses three convolutional layers to denoise the underwater image, while the decoder employs three deconvolutional layers to enhance image details. To simulate real underwater images, the authors collected images by pouring 30 mL, 50 mL, and 70 mL of milk into 1 liter of water to generate differently degraded underwater image datasets.
	Li et al. [35] introduced a deep convolutional neural network-based (UWCNN) model for underwater image enhancement. UWCNN comprises three densely connected blocks in an end-to-end architecture. To handle various degradation types, the authors adjusted the attenuation coefficients and used the RGB-DNYU-v2 indoor dataset [36] to synthesize ten different types of underwater image datasets. They trained UWCNN models separately on these datasets. Although UWCNN achieved positive enhancements for some types of underwater images, it requires classifying input images into different degradation types before selecting the appropriate model for processing, which can reduce its efficiency.
	To effectively enhance underwater images with various degradation types, Uplavikar et al. [37] proposed a domain-adversarial learning network model (UIE-DAL). This model is based on the U-Net architecture and includes a classifier. The training process involves two steps: initially training the encoder-decoder and then jointly training with the classifier. The classifier distinguishes features extracted from the input underwater images, allowing the model to handle different types of underwater degraded images.
	Li et al. [38] introduced a weakly supervised network model for underwater image color correction based on the CycleGAN framework (UWGAN). CycleGAN consists of two symmetric GANs and does not require paired training images; it only needs clear and degraded underwater images to learn the mapping between different image domains. Using structural similarity loss, it generates clear images. Fabbri et al. [39] synthesized an underwater image dataset using CycleGAN and proposed an adversarial network (UGAN) for underwater image enhancement. UGAN differs from other methods by using WGAN-GP to add soft constraints on the input-output relationship of the network instead of clipping gradients within a specific range. This approach helps improve the model's generalization capabilities.
	To enhance the quality of underwater images, Guo et al. [45] introduced a multi-scale dense block algorithm (DenseGAN). This algorithm combines dense connections, residual learning, and a multi-scale network to enhance underwater images. To capture the advantages of different underwater image enhancement methods, Li et al. [46] presented a fusion generative adversarial network (FGAN). This network model employs multiple input branches, taking both original images and images enhanced by other methods as input to different branches. Feature fusion is performed to enhance the underwater images.
	Wang et al. [47] also proposed a generative adversarial network for underwater image enhancement. Fang et al. [48] introduced a multi-scale underwater image enhancement network that extracts features from different scales and uses a residual network to obtain enhanced results.
	All of these methods have been shown to enhance the quality of underwater images to some extent. However, they may still suffer from various issues such as loss of color information, limited generalization capabilities, and other challenges.
Research Methodology
Underwater Image Quality Assessment Metrics
As underwater image enhancement techniques continue to advance, a reasonable method for assessing underwater image quality can demonstrate the effectiveness of research efforts. Currently, two primary approaches are employed in the assessment of underwater image quality: subjective assessment [49] and objective assessment. Subjective assessment involves having designated individuals observe the enhanced underwater images and selecting the best visual result to determine the quality of the enhanced image. However, this method is subject to various influences, as different individuals may have varying subjective perceptions of the same image, making it challenging to quantify with data. Therefore, subjective assessment methods have certain limitations and are generally used in combination with objective assessment methods in underwater image enhancement work.
Full-Reference Image Quality Assessment Methods
Peak Signal-to-Noise Ratio (PSNR)
PSNR is used to judge the quality of enhanced images by calculating the difference between the corresponding pixel points of the reference image and the enhanced image. A higher PSNR value indicates better quality of the enhanced image. The formula for calculating PSNR is as follows:


In Formula (1), m and n represent the sizes of the reference image and the enhanced image. Generally, the sizes of the reference image and the enhanced image should be consistent. MSE represents the mean square error of the reference image and the enhanced image. MAX² represents The maximum pixel value that can be obtained in the reference image. At present, PSNR has been widely used as an evaluation index in the field of image processing, and it can represent the quality of the image to a certain extent. However, the value of PSNR cannot fully represent the image quality, because it ignores the characteristics of the object observed by the human eye in the calculation process, so the value of PSNR will be the same as the value of PSNR. There are certain differences in people's subjective feelings.
Structural Similarity (SSIM)
SSIM is used to calculate the difference between generated and real images. The SSIM value is higher when the enhanced image is closer to the real image. If the two images are identical, the SSIM result is 1. The SSIM calculation formula is as follows:


In formula (3),  represents the pixel average of the reference image,  represents the pixel variance of the reference image,   and    represents the mean and variance of the enhanced image pixels, respectively.  represents the covariance of the reference image x and the enhanced image y, C = (kqL)², Cq = (kzL)² are constants, where L represents the value range of the pixel, k1, k2 are 0.01 and 0.03 respectively.
No-Reference Underwater Image Quality Assessment Methods
As the name suggests, no-reference underwater image quality assessment methods do not require a reference image for calculation. This is particularly useful because it is challenging to collect reference images corresponding to degraded underwater images. Currently, two commonly used no-reference image quality assessment methods in the field of underwater image enhancement are UIQM and UCIQE.
UIQM (Underwater Image Quality Measure) is an evaluation index proposed by Karen and others, based on the imaging characteristics of underwater images. UIQM mainly calculates the image from three aspects: color information (UICM), sharpness information (UICM), and contrast information (UIConM). The formula for UIQM is as follows:


[bookmark: _GoBack]UCIQE (Underwater Color Image Quality Evaluation) is also a quality assessment index specifically designed for underwater images. This evaluation index is a linear combination of three parameters: saturation, color richness, and contrast. The formula for UCIQE is as follows:


Deep Learning-Related Theories
	Many years ago, neuron models were proposed; however, these models were relatively simple linear models and could only address linear problems, which is why they did not gain widespread use. Subsequently, with the emergence of the BP (Backpropagation) algorithm [54], researchers proposed multi-layer neural networks. However, these networks lacked relevant theoretical support, and the use of the BP algorithm for backpropagation often resulted in the vanishing gradient problem. As a result, deep learning did not yet find widespread application.
It was not until 2012 when Alex introduced the AlexNet [55] network model and applied it to the ImageNet [56] image recognition competition, ultimately achieving first place. This achievement garnered significant attention from researchers, and neural networks started to attract a large number of researchers' interest. Currently, deep learning has excelled in various fields. The following section will introduce the theoretical foundations related to deep learning.
Convolutional Neural Networks
Convolutional Neural Networks (CNNs) [57] have made significant progress in various research fields, including image super-resolution [58], speech recognition [59], and natural language processing [60,61]. CNN is a multi-layer perceptron network that reduces the number of model parameters through local connections and weight sharing, thus conserving resources during training. CNNs exhibit strong generalization capabilities, as they can be trained on large datasets to learn corresponding data features and generalize this learning to unknown data with similar structural features. In general, the structure of a convolutional neural network can be divided into the following components: convolutional layers, pooling layers, non-linear activation layers, and fully connected layers.
Convolutional Layers: The core component of CNNs is the convolutional layer, which extracts features from input vectors through convolution operations and passes them to the next layer. The steps involved in convolution include defining a small but deep kernel with the same depth as the input data and specifying a fixed stride. The kernel then performs convolution operations on the feature map to extract features. Using smaller kernels for feature extraction effectively reduces the number of parameters, thereby minimizing resource consumption and mitigating overfitting to some extent.
Non-linear Activation Layers: Non-linear activation layers are essential components of CNNs, as activation functions enhance the network's fitting capability during training. Sigmoid functions [62] and ReLU functions [63] are widely used activation functions in neural networks. Fig. 1 illustrates Sigmoid and ReLU activation functions. Using Sigmoid as an activation function in neural networks involves more computations during training, and it can lead to the vanishing gradient problem. In comparison, ReLU activation functions involve fewer computations. When the activation value of a neuron is negative, the derivative of the ReLU function is 0, ensuring network sparsity and helping alleviate overfitting.
[image: ]
Activation function

Pooling Layers: Pooling layers reduce the dimensionality of input feature matrices, reducing resource consumption during CNN training by shrinking the size of feature maps. Pooling layers compress the input feature matrix by discarding low-weight information and retaining the most important features, ensuring that important features of the input matrix are preserved. Currently, pooling layers mainly use two methods: average pooling [64] and max pooling [65].
Fully Connected Layers: In CNNs, each neuron in the fully connected layer is connected to all nodes in the previous layer. Fully connected layers are typically placed towards the end of the network structure and are widely used in classification tasks. These layers weight the features obtained in earlier stages of the network and input the results into a classifier for decision-making, ultimately completing the classification task.
Residual Structure Blocks: In deep CNNs, features extracted in deeper layers are more abstract and carry more semantic information. Researchers have attempted to improve model performance by increasing network depth. However, it was found that simply stacking more layers in deep networks could lead to increased errors, resulting in gradient vanishing and explosion problems that hinder the network's feature extraction ability. Some researchers attempted to address these issues using regularization operations, but increasing the number of layers slowed down training and led to degradation in performance. Thus, optimizing deep CNNs remained a challenge.
To effectively increase network depth, He et al. [66] introduced residual learning modules. The residual structure is illustrated in Fig. 2. Compared to traditional neural network models, residual networks include an additional residual link, which transfers shallow layer features to the deep network structure. The residual link effectively increases the network's depth without adding extra parameters or computational complexity, making residual networks widely applicable in various network architectures.
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Residual structure
Generative Adversarial Networks
With the recent advancements in deep learning, Generative Adversarial Networks (GANs) [38] have been proposed and widely applied in the field of computer vision. GANs consist of two components: the discriminator and the generator. The overall process of a Generative Adversarial Network is as follows:

Generator: In a GAN network, the generator first generates data. It creates synthetic data samples.
Discriminator: Both real and fake (generated) data samples are then fed into the discriminator. The discriminator's role is to perform a binary classification, determining whether the input data is real or fake.
During the training process of a GAN, the generator aims to produce samples that are as realistic as possible to deceive the discriminator, while the discriminator seeks to make accurate judgments about the input data.
In essence, GANs operate on a competitive basis, where the generator and discriminator are in a constant struggle to improve their performance. This adversarial training process helps the generator create increasingly realistic data, which is a central concept in the GAN framework.
The adversarial optimization process between the generator and the discriminator in GAN is a minimax process. The loss function is expressed as:


In the GAN training process, the generator G is first fixed, and the discriminator D is continuously updated to find the optimal discriminator. The output of the discriminator includes only 1 or 0. If the real sample x and the generated sample z are the same, the discriminator outputs 1; otherwise, it outputs 0. During the process of finding the optimal discriminator, the network model aims for the highest possible accuracy in the discriminator's judgments. 
Since the introduction of GANs, although they have attracted much attention from researchers, the training process has been highly unstable and difficult. This changed when WGAN was introduced. Compared to traditional GANs, WGAN solves the problems of instability and difficulty in training. WGAN also uses a value similar to cross-entropy and accuracy to guide the training process of GANs. The smaller the value, the better the training effect of GAN. The loss function for WGAN is:


Attention Mechanism
Deep learning has found extensive application in computer vision. However, standard convolutional neural network structures in computer vision treat all information in a feature map equally during task processing. This approach may not effectively focus on spatial positions or feature channels that are highly relevant to computer vision tasks. To enable network models to pay attention to different channels or spatial locations in feature maps, attention mechanisms have been widely applied.
The essence of attention mechanisms is to mimic how the human brain observes objects. Typically, when people observe an image, they not only examine the overall image but also pay more attention to certain local details, such as facial features or object categories within the image. Fig. 3 illustrates attention visualization images in classification tasks [67].
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Attention visualization image
In conventional convolutional neural networks, the convolution operation treats all feature channels equally. However, in computer vision tasks, some feature channels contain information highly relevant to the task, while others contain information with low or no relevance. Therefore, network models need to distinguish between different feature channels and focus on the channels that contain more relevant information. The primary purpose of channel attention is to allow neural networks to automatically learn different channel features and emphasize channels with high information relevance. In image classification, SENet [68] proposed channel-wise attention modules (SE) to focus on the relationships between different channels, as illustrated in Fig. 4.
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SENet Model Structure
Not all spatial regions within an image are relevant to a given task. For example, in underwater image enhancement, it is important to focus on regions with significant degradation rather than regions without degradation. However, conventional convolutional neural networks cannot make this distinction. Therefore, spatial attention mechanisms have been proposed to enable network models to concentrate on spatial regions highly relevant to the task. The Spatial Transformer Network (STN) [69] is a typical example of spatial attention. STN can provide spatial transformations for each type of feature input, preserving relevant information during spatial transformations and extracting key information.
In computer vision, combining channel attention mechanisms with spatial attention mechanisms allows network models to leverage the advantages of both attention types. For instance, channel attention focuses on different channel weight information but ignores spatial information differences, while using only spatial attention in network models can add weight to different spatial positions but neglects information differences between channels. To combine the strengths of channel and spatial attention mechanisms, hybrid attention mechanisms have been proposed. Wang et al. [70] introduced a residual network that combines hybrid attention mechanisms. By integrating channel and spatial attention mechanisms, neural networks can adaptively learn information differences between different channels or spatial regions and easily expand the network structure to deeper layers through residual learning.
UIEB Dataset
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The Underwater Image Enhancement Benchmark (UIEB) dataset serves as a robust benchmark for evaluating the effectiveness of various underwater image enhancement techniques. Comprising a diverse set of underwater images captured under different environmental conditions, the dataset offers a comprehensive testbed for algorithms aimed at improving the quality of underwater imagery.
Characteristics
Diversity of Scenes: 
	The UIEB dataset includes images from various underwater environments such as coral reefs, shipwrecks, and open ocean, providing a wide range of scenarios for testing.
Varying Levels of Degradation: The images in the dataset exhibit different levels of degradation due to factors like varying water quality, different depths, and lighting conditions, making it ideal for testing the robustness of enhancement algorithms.
Ground Truth Data: For a subset of images, the dataset provides ground truth data, enabling full-reference quality assessment methods in addition to no-reference methods.
Multiple Formats: The dataset is available in different image formats, including both raw and JPEG, to facilitate different types of image processing tasks.
Applications
The UIEB dataset is commonly used for:
Evaluating the performance of underwater image enhancement algorithms.
Training machine learning models, particularly deep learning models, for underwater image restoration.
Comparative studies to benchmark new algorithms against existing state-of-the-art methods.
By providing a standardized set of challenges, the UIEB dataset has become an invaluable resource for researchers and practitioners in the field of underwater image processing.
Design and Implementation
Currently, underwater image enhancement tasks have attracted the attention of numerous researchers. Compared to tasks such as image dehazing [71] and image deraining [72], underwater degraded images are more complex, requiring network models to have stronger generalization capabilities. It is crucial to preserve the original color information of images during the process of enhancing underwater degraded images and effectively address the varying degrees of attenuation in different color channels and spatial positions within the same underwater image. Existing deep learning-based research has not taken into account the differential attenuation of underwater degraded images in different color channels and spatial positions, often resulting in problems such as over-restoration of local image regions and loss of color information. In this chapter, we propose a deep residual network based on a channel-spatial attention mechanism to address this issue.
Overall Framework
The overall structure of the Underwater Feature Attention Fusion Deep Residual Network (UFA-Net) model proposed in this chapter is shown in Figure 5. This network structure primarily consists of three residual groups and a feature fusion module. Each residual group structure is composed of multiple attention residual blocks and a progressively dilated convolution module [73,74]. 
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UFA-Net model structure
The residual group structure used in UFA-Net combines residual attention modules with long-range residual connections. The consecutive residual block structure effectively increases the depth of the network model, enhancing the capability of underwater image enhancement networks. The use of a long-range residual connection helps prevent training difficulties in UFA-Net. UFA-Net is an end-to-end deep residual attention network that takes degraded underwater images as input. It first passes through a feature extraction layer to obtain extracted underwater image features, which are then input into the residual group structure. Finally, the underwater image features obtained from the three residual groups are concatenated, and then, through the channel-spatial attention module and convolution layers, a clear underwater image is directly reconstructed.
Dilated Convolution Module
In convolutional neural networks, convolution operations with convolution kernels are limited by the kernel size, resulting in the extraction of short-range feature dependencies within a local receptive field. However, in underwater image enhancement tasks, long-range feature dependencies in feature maps are equally important. Simply increasing the size of convolution kernels to capture long-range feature dependencies would significantly increase the training burden, leading to a substantial consumption of time and resources during model training. To obtain long-range feature dependencies in feature maps to some extent without excessively increasing the training burden, a progressively dilated convolution module is added to the residual group structure. The features obtained from the dilated convolution module are then concatenated with the features obtained from the residual group to preserve long-range feature dependencies in feature maps.
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Dilated convolution
Figure 6 illustrates a 3*3 dilated convolution structure, which can be achieved in two ways: first, by adding zeros to the convolution kernel, and second, by adding equidistant sampling. By adjusting the dilation rate, the receptive field of the convolution can be increased to capture long-range feature dependencies. The progressive increase in dilation rates enhances the receptive field of convolution progressively, allowing the network to capture long-range feature dependencies with different scales than the receptive field scale of the residual network.
Residual Block Structure
The residual group structure in UFA-Net is composed of multiple attention residual blocks. The attention residual block structure, as shown in Fig. 7, is formed by combining local residual connections and the channel-spatial attention module. Local residual connections help the network bypass regions with less feature information, enabling the network model to focus more on valuable information.
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Residual block
Attention Mechanism
According to the imaging principles of underwater images, the propagation of light underwater is affected by optical effects and environmental factors. This leads to varying attenuation coefficients across different color channels in the same image. Specifically, the red color channel attenuates more rapidly than the blue and green channels. Additionally, objects within the same image can be at different distances from the camera, resulting in varying levels of attenuation at different spatial locations within the image. However, most existing methods for enhancing underwater images treat different color channels and spatial information equally. Zhang et al. [75] proposed a method that employs a Deep Residual Channel Attention Network (RCAN) for super-resolution tasks, applying channel attention mechanisms to different image channels. Given that underwater images experience varying degrees of attenuation across different color channels and spatial locations, we introduced a Channel-Spatial Attention Fusion Module (CBAM) [76] within the residual blocks to allow the network to focus on more severely attenuated features, rather than treating all features equally. The structure of the Channel-Spatial Attention Fusion Module is shown in Fig. 8, and the channel attention and spatial attention mechanisms used will be discussed in the following sections.
[image: ]
Attention module
Channel Attention Mechanisms
The purpose of introducing channel attention in underwater image enhancement is to enable the network model to focus on the varying degrees of attenuation across different color channels in underwater images. Through the channel attention mechanism, different weights can be applied to different feature channels; higher weights are given to channels with greater attenuation. The computation of channel attention requires dimensionality reduction of the feature maps. Using average pooling alone may lead to the loss of some useful information from the feature maps. To compensate for this to some extent, CBAM employs two types of pooling methods to compress the feature map dimensions from C×H×W to C×1×1, and then fuses the compressed feature maps. The first half of Fig. 8 illustrates the computation process of the channel attention mechanism. The overall procedure is shown in Formula (8).


  represents the ReLU activation function,  is the Sigmoid activation function,  represents the average pooling layer, and  represents the maximum pooling layer. Then the input feature map F as shown in Formula (9) will have different channels. Multiply the weight coefficient , and finally the channel attention feature map  is getted.

                     
Spatial Attention Mechanisms
In addition to varying channel-specific weights, underwater degraded images also exhibit different levels of attenuation at distinct spatial locations, owing to the varying distances between the camera and the objects within the frame. The network model should focus on spatial regions that are not only more severely attenuated but also hold significant relevant information. To address this, our study employs a serial attention module that integrates both channel and spatial attentions. As indicated in Formula (10), we first apply different pooling methods to the feature map  obtained from channel attention, reducing its dimensions from C×H×W to 1×H×W. This is then concatenated to produce a 2×H×W feature map, which subsequently undergoes convolution and activation to yield the spatial attention feature map. 

                   
In this context, [ ] denotes the concatenation layer, while  represents the sigmoid activation function. Finally, this spatial attention feature map (SA) is element-wise multiplied with the channel attention feature map () to generate the final output feature map F*.
Loss Function
In the domain of underwater image enhancement,  and  loss functions are frequently employed. Isola et al. [77] demonstrated that utilizing the  loss function in image restoration tasks yields crisper images compared to when  is used. This is attributed to the  loss function capturing the absolute value of the difference between the predicted and actual outcomes, making it less sensitive to outliers within the image. Conversely, the  loss function computes the squared error between the predicted and true values. This characteristic makes the  loss function overly responsive to outliers, which in turn amplifies noise in the enhanced underwater images. Therefore, to minimize the impact of outliers and noise, this study opts for the  loss function. The corresponding formula is presented in Formula (11).

                
In this formula,  symbolizes the image output from the underwater image enhancement network, while  stands for the reference image corresponding to the degraded underwater scene.
In the process of enhancing underwater images, it's common to lose important details such as color and texture, leading to suboptimal subjective quality in the enhanced images. Existing research hasn't sufficiently addressed the issue of color information loss. To mitigate these challenges, this study employs perceptual loss to preserve edge details and color information in images. Initially proposed by Johnson et al. [78], perceptual loss leverages pre-trained VGG16 networks [79] to extract features from both the reference and predicted images. The difference between these features is then calculated to bring the feature information closer together. The equation for the perceptual loss function is detailed in Formula (12).

       
In this formula,  denotes the image predicted by the underwater enhancement network, while  serves as the reference image that corresponds to the degraded underwater scene. Additionally, the symbol  signifies the pre-trained VGG16 network utilized in our approach.
The aggregate loss function employed in UFA-Net is delineated in Equation 3.6 as 

                               
Here,  and  act as constant coefficients, serving to scale the respective components of the loss function.

Results
Real-world Dataset Experimental Results
In the realm of underwater image enhancement, the most critical evaluation criterion is the model's efficacy in handling real-world degraded underwater images. To authenticate the capabilities of UFA-Net, we conducted experiments on the UIEB real-world underwater dataset, comparing it against other leading techniques. Due to the lack of reference images for underwater degradation, we employed a blend of subjective assessments and no-reference quality metrics to evaluate the enhancement results. Fig. 9 visually presents the comparative outcomes of applying various methods to real-world underwater datasets.
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Underwater degraded image enhancement results
The first column shows the original images, while the second column features results from the MLFcGAN model, which tends to over-correct, leading to an overall red tint in the image. The third column displays the enhancements using the DenseGAN model, which avoids over-correction but suffers from a loss of color information, leading to a generally washed-out appearance. The fourth column showcases results from the UWCNN model, which does ameliorate some aspects of underwater image degradation, although not to a satisfying extent. The penultimate column features the non-deep learning IBLA algorithm; although it can achieve reasonable results in certain scenarios, it generally suffers from poor generalization and introduces color biases. The final column features the results from the proposed UFA-Net model. Subjectively, UFA-Net produces superior results, preserving color information without introducing over-correction or other color biases.
Apart from the subjective visual comparison, we also employed UIQM and UCIQE as no-reference quality metrics to evaluate model performance. Tables I and II display the UIQM and UCIQE scores achieved using various methods. 
UIQM evaluation on the UIEB dataset
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TUCIQE evaluation on the UIEB dataset
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UIQM is a composite score derived from UICM, UISM, and UIConM. Despite the IBLA method introducing additional color bias and thus inflating UICM values, our proposed model still outperforms in terms of UICM and UISM metrics. However, the contrast (UIConM) of our enhanced images is slightly lower than those of other methods. Overall, UFA-Net shows an improvement in the UIQM metric as compared to other models. UCIQE is formed from a combination of chroma (), contrast (), and saturation (). IBLA, due to its introduction of additional color information and noise, results in inflated UCIQE scores. In contrast, our UFA-Net model outperforms other deep learning techniques in the UCIQE metric.
Conclusion
Addressing Challenges in Underwater Image Enhancement
Due to the complexities of underwater environments, captured images often suffer from color biases, blurring, and low luminosity, among other degradation issues. Existing underwater image enhancement techniques lack effective generalization, struggling to adequately address color channel-specific and spatial decay issues. To solve these limitations, our study focuses on advancements in underwater image enhancement. Our primary contributions are as follows:
We introduce UFA-Net, a deep residual network model incorporating channel-spatial attention mechanisms to resolve the issues of channel-specific and spatial decay in degraded underwater images. By integrating these attention mechanisms into deep residual networks, UFA-Net emphasizes more on severely degraded channels and spatial regions within the images. Furthermore, to capture long-range contextual information, a progressively dilated convolutional module is added to the residual block structure of UFA-Net. This allows the convolutional kernels to have an increased receptive field, capturing long-range dependencies in the image.
In order to preserve the intricate textures and colors in the underwater images, a pre-trained VGG network is utilized for feature extraction from both the enhanced and reference images. These features are then used to calculate perceptual loss, which effectively retains the textural and color details when applied in deep residual networks.
Our extensive experiments confirm that the proposed algorithm prevents issues of over-correction and effectively retains texture, color, and other fine-grained details in underwater images.
Future Work and Current Challenges
Present underwater image enhancement models are still dataset-sensitive; the quality of the dataset can significantly impact the model's performance. Therefore, there is a need to develop more realistic synthetic underwater image datasets. Additionally, current evaluation metrics disproportionately favor red hues, leading to higher scores for over-enhanced images that display a red bias. Designing more balanced evaluation metrics remains a significant challenge.
While our proposed model effectively enhances color and contrast in underwater images, it is resource-intensive due to its numerous parameters. Future work includes the design of a lightweight underwater image enhancement network to increase computational efficiency.
Reflection
The journey of researching Underwater Image Enhancement for ROVs has been both challenging and rewarding, offering a plethora of learning opportunities that have significantly contributed to my academic and professional growth.
Technical Skills
The research required a deep understanding of image processing techniques, machine learning algorithms, and the unique challenges posed by underwater environments. I gained hands-on experience in implementing various enhancement algorithms, including Generative Adversarial Networks (GANs), and learned to evaluate their performance using metrics like PSNR and UIQM. The use of specialized datasets like UIEB further enriched my technical skills.
Problem-Solving
One of the most valuable skills I honed during this research was problem-solving. Whether it was debugging code, optimizing algorithms, or interpreting results, each challenge required a unique solution. This experience has equipped me with the ability to approach problems with a critical and analytical mindset.
Teamwork and Mentorship
Collaboration was a key aspect of this research. Working closely with my mentors and peers provided me with different perspectives on problem-solving and research methodologies. Their constructive feedback was invaluable in refining my research questions, methodologies, and ultimately, the quality of the research output.
Personal Growth
Beyond the technical and academic aspects, this research journey has been a period of significant personal growth. Balancing rigorous academic research with personal responsibilities was challenging but taught me the importance of time management and self-discipline.
Conclusion
As I conclude this chapter of my academic journey, I am grateful for the invaluable experiences and skills I have gained. This research has not only contributed to the field of Underwater Image Enhancement but has also prepared me for future challenges in academia and industry.
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