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[bookmark: _Toc25790]Research Introduction and Background 
As we all know, water is the source of life. The global ocean area is about 360 million square kilometers, far exceeding the land area. Since the development of human civilization, great achievements have been made in many fields, ranging from microscopic atoms to vast stars. The pace of human exploration of the world has never stopped. At the same time, everyone has gradually discovered that when we are obsessed with observing the starry sky hundreds of millions of light years away, we ignore the ocean world that gave birth to the origin of human beings. In recent years, with the intensification of traditional resource exploitation and consumption, people have begun to turn their attention to the ocean, among which underwater robot sensing technology has attracted widespread attention in ocean engineering and marine resource detection and development. Through remote control, underwater robots can efficiently perform various practical application tasks under the premise of ensuring the safety of operators, such as submarine environment inspection, underwater object grasping, underwater maintenance, etc. The successful completion of these tasks is inseparable from the accurate identification and detection of targets by underwater robots, and detection and identification depend on the information input from sensors carried by underwater robots. At present, most underwater sensing technologies rely on acoustic signals. Sonar calculates the position of underwater objects by measuring the propagation time and phase difference of acoustic pulses. This technology can cover a wider range and is not affected by water quality factors, but There are also major disadvantages. The resolution of the sonar image is low, and it only contains the shape information of the detected object, and the amount of information it carries is far less than that of the light signal. Excessive emission of active sonar may also have a negative impact on marine life. In addition, the sound Interference between nano-signals is also prone to occur. Optical sensors obtain environmental information by capturing surrounding light, which can achieve higher resolution and refresh rate. Optical images are easy for human eyes to recognize and analyze. Optical sensors can also greatly reduce installation space and The cost is conducive to improving the mobility and endurance of underwater robots.
However, the underwater environment is complex and changeable, and the underwater light propagation has gone through a series of scattering and absorption, and finally the visible light image will show different degrees of fog blur effect and color distortion. These interferences will reduce the effective information of the image and bring difficulties to image analysis and subsequent work. Underwater target detection is one of the most widely used functions of underwater robots. The detection of underwater marine biological targets studied in this paper has two characteristics. One is the characteristics of small targets. The objects of underwater target detection are usually underwater organisms. Such targets are usually small in size, which will increase the difficulty of target detection. The second is the overlapping effect, such as sea cucumbers attached to shellfish and sea urchins stacked together, which can easily cause missed detection of targets. Underwater images have brought a lot of research materials to researchers. Through them, information on marine geological environment, ecological environment and even climate environment can be obtained. Therefore, the processing of underwater images and the target detection of underwater images have great research value and practical application prospects.
Traditional image processing methods usually start from the pixel statistical information of the image, such as histogram equalization, white balance, Gaussian filtering, etc. This kind of digital image processing method is simple and fast, and has a good effect on conventional images, but for underwater As far as images are concerned, this type of processing method is not applicable. For example, underwater images have many low-gray areas. Directly stretching the histogram of underwater images will not obtain a clearer image, but will make the image darker. The gray level is further reduced, making it more difficult to observe and analyze. Traditional object detection schemes usually rely on artificially designed low-level features. For example, texture classification relies on local binary pattern features (Local Binary Patterns, LBP), and feature and target recognition are usually made of scale invariant feature transform (Scale Invariant Feature 'Transform, SIFT) and histogram of oriented gradient (Histogram of oriented gradient , HOG) completed. When the task is clear and the data distribution is concentrated, this kind of well-designed detection scheme has achieved good performance, but when the task is not specific or the coverage is wide, this kind of scheme will be inaccurate or even invalid. In addition, with the popularity of underwater robots and underwater cameras, the amount of underwater image data is increasing day by day. Support Vector Machine (Support Vector Machine, SVM), Linear Discriminant Analysis (Linear Discriminant Analysis, LDA) and Principal Component Analysis (Principal Component Analysis, PCA) and other traditional machine learning tools are difficult to improve their performance due to their limited fitting space. Hinton et al.2l proposed the use of deep neural networks to solve the overfitting problem of traditional machine learning. Image is a kind of signal with high information density and complexity. Using deep learning can extract the feature information in the image better than shallow learning algorithm. Deep learning gradually replaces traditional extraction with its efficient feature learning ability and hierarchical feature extraction ability. methods for image features. By using a large amount of training data, deep learning networks have achieved good results. Convolutional neural networks such as YOLO, RCNN, and SSD have achieved unprecedented accuracy in image target detection. However, deep learning has not been widely used in underwater image enhancement and target detection, and the combination of deep learning is of great significance for further research in this field.
The research content of this topic is to analyze and research the underwater image processing and underwater target detection algorithm based on deep learning, and to explore the methods to solve the problems. For the blurring effect and color distortion of underwater images, this paper combines neural network theory and technology to explore the corresponding solutions, and proposes an improved target detection model for underwater blurred targets, underwater small targets and underwater overlapping targets.
[bookmark: _Toc23636]Literature Review 
The purpose of object detection is to find specific targets in the image and obtain their category and location information. The complex and ever-changing underwater environment leads to quality issues in underwater images. Therefore, studying underwater image enhancement methods is a prerequisite step for underwater object detection. Although there is a long way to go in applying computer vision object detection to underwater environments, significant results have been achieved through years of research by domestic and foreign researchers.
[bookmark: _Toc16750] Current research status of underwater image enhancement methods 
Scholars at home and abroad have conducted extensive research on the imaging quality of underwater images and achieved many excellent results. At present, underwater image enhancement techniques are mainly divided into enhancement methods based on non physical models and restoration methods based on physical models.
(1) Underwater Image Enhancement Method Based on Non physical Models
The underwater image enhancement methods based on non physical models can be divided into spatial domain enhancement for improving the contrast of underwater images and transform domain enhancement for reducing low-frequency signals in images. The image enhancement methods based on spatial domain commonly include histogram equalization, limited contrast histogram equalization and white balance algorithm, while the enhancement methods based on transform domain mainly include Fourier transform and wavelet transform.
The histogram equalization method is a grayscale transformation method to improve the global contrast of the image. However, the specific scene and depth changes of the underwater image are unknown, which makes it difficult to achieve ideal enhancement results for the underwater image. To solve the problem of losing image details in histogram equalization, many scholars have improved it, mainly including AHE, CLAHE and other methods. Hitam et al. proposed the CLAHE-mix method in 2013, which uses different CLAHE methods in RGB and HSV color spaces to enhance image contrast, but does not remove the influence of color deviation. Wavelet transform is one of the commonly used methods in transform domain enhancement, which decomposes image signals at different scales through high and low pass filters to obtain image details. For underwater images, the enhancement effect of wavelet transform is greatly affected by lighting and water environment, and is only suitable for images with less severe color deviation in shallow water areas.
In addition, the Retinex algorithm is often applied in underwater images to remove the influence of incident light and restore image color in the original image. In 2018, Shi Lei and other students proposed Retinex method based on controllable sum function Bilateral filter, which overcame the problems of edge blur and halo artifacts of traditional Gaussian kernels and improved the contrast and clarity of underwater images, but there are still some defects in color restoration.
Image fusion algorithms are also commonly used in underwater image enhancement in recent years. Ancuti et al. first proposed the concept of image fusion in 2012, which utilizes different images obtained from the same scene for information fusion to obtain useful information such as rich texture brightness. Image fusion obtains detail enhancement images, brightness enhancement images, etc. of enhanced images through different methods, and then uses Laplace fusion method to fuse input images, which can effectively enhance the clarity of underwater images and remove color deviation and other issues.
(2) Underwater Image Enhancement Method Based on Physical Model
The underwater image enhancement method based on physical models estimates unknown parameters by constructing an underwater image degradation model, thereby achieving image enhancement. The dark channel prior model proposed by He et al. obtains the dark channel theory by analyzing a large number of foggy and non foggy images, and based on this, performs defogging operations to improve image quality.
The use of neural networks for underwater image enhancement has also shown good performance. Cai Bolun et al. proposed DehazeNet to train foggy images and output transmittance, using a physical model to infer clear underwater images. On the basis of DehazeNet, Liu et al. proposed an improved model, Grid DehazeNet, in 2019. By training the preprocessing model to obtain more flexible processing methods, and adding attention models to multi-scale networks to better estimate transmittance, they achieved better results than DehazeNet.
[bookmark: _Toc31870]Current research status of deep learning technology 
Deep learning is a deep machine learning model that can learn data feature representations based on deeper neural networks. Deep learning is a branch of artificial neural networks. Multilayer neural network transmits information flow through the nodes connected with each other. The output of the nodes in the previous layer is the input of some nodes in the next layer. Multiple layers of nonlinear elements are used for nonlinear mapping between nodes, and the feature space is transformed through the accumulation of multiple layers of mapping to obtain hierarchical feature representations. Deep learning eliminates the need for individual feature selection and transformation, as in traditional feature extraction. Instead, raw data is input into a network model for training, and the model outputs appropriate feature representations.
In 1982, Hopfield proposed a neural network model containing complete theory. In addition, the proposed back-propagation algorithm gives the gradient back-propagation method of multi-layer neural network, so that the network can be trained, and the neural network has the nonlinear representation ability. However, the traditional back-propagation algorithm often has the problem of gradient disappearance or slow convergence speed, and needs to feed a large number of tag data, so it is easy to fall into the local optimal trap, which increases the difficulty of obtaining effective training results, resulting in the poor generalization ability of multilayer perceptron on some problems, so the development of neural networks has stalled. In addition, Vapnik proposed the support vector machine method around 1992-1995, which is a binary classification algorithm. The theory of SVM algorithm is highly interpretable. computational complexity does not depend on sample dimensions, avoiding the "curse of dimensionality". The popularity of SVM in machine learning led to the second low tide of deep learning.
Until 2006, Hinton. were inspired by human visual models and proposed the concept of deep learning. Subsequently, they proposed deep confidence networks and provided layer by layer greedy algorithms, enabling the network to successfully train and achieve expected results. The innovation of this paper is that the non supervised learning method is used to initialize the parameters layer by layer, which solves the problem that the neural network cannot converge with the increase of network depth.
With the improvement of computer hardware and the connectivity of the Internet, large-scale data can be saved for network training, and the application of deep learning is becoming more widespread. In 2012, Krizhevsky et al. created the AlexNet large-scale deep convolutional network and won the ImageNet championship that year, achieving a 10% accuracy improvement, demonstrating the excellence of deep convolutional neural networks in the field of object recognition and detection with record breaking results. In the 2014 ImageNet Challenge, almost all of the entries used neural networks for target recognition and detection, and achieved good results. In 2015, the deep residual network achieved a top 5 error rate of only 3.57% with a 152 layer network structure, winning the championship of ImageNet that year, and taking the implementation of deep learning networks to a new level. In 2016, the AlphaGo game algorithm developed by DeepMind, a subsidiary of Google, used multiple deep learning methods and Monte Carlo search to defeat humans, sparking the third wave globally. Since then, deep learning has been seen in many fields.
[bookmark: _Toc25183] Current status of research on underwater target detection technology
Compared to terrestrial environments, signal acquisition is the focus and difficulty of underwater target detection in underwater environments. Due to the physical characteristics of water, the signals collected by any signal collector will be absorbed and distorted by the underwater physical environment, which directly leads to the loss of information in the collected signals, reduces the credibility of the signals, and ultimately leads to a decrease in the accuracy of target detection. In addition, due to the fluidity of water, the deployment and control of signal acquisition equipment in underwater environments also have certain difficulties, and there are also high requirements for the waterproof performance of the equipment.
The signal collectors widely used in underwater target detection currently include sonar, cameras, and lasers.
Sonar belongs to mechanical wave, which spreads far in underwater detection. Sonar can sensitively capture the geometric structures in the environment, so using sonar detectors can also obtain accurate target information and underwater geographic environment information when the clarity of the underwater environment is not high. However, the generated image has low resolution and is highly susceptible to environmental and other factors.
The uneven distribution of impurities, salinity, and temperature in seawater can have a certain impact on sonar sensors and may miss small targets.
Underwater laser scanners have the characteristics of low environmental impact, low transmission delay, high available carrier frequency, and good beam quality in water, making them very suitable for big data transmission. The image obtained through laser has high resolution and clarity, and the image is stable. However, underwater laser scanners are expensive, and they are easily affected by the water environment. Environmental factors such as water and water flow play a crucial role in their performance, making them prone to noise generation.
Compared to sonar, cameras capture more abundant information when they are closer to objects, especially for small targets on the seabed that are less likely to be missed. The underwater images obtained through the camera have high resolution. Moreover, it contains a high amount of target information and is more accurate for underwater target recognition. Prominent objects in underwater images can be identified through color, contour, texture details, and contrast. There is a certain similarity between optical and sonar images, which are essentially energy images based on plane or spatial distribution. In underwater close range detection applications, sonar is significantly inferior to cameras.
Unlike land target detection, there are fewer methods used for underwater target detection, but in recent years they have gradually attracted the attention of more and more researchers. The types of underwater targets can be divided into artificial targets and natural aquatic organisms. According to this classification method, detection methods can also be divided into artificial target detection and underwater biological detection.
Due to the fact that the characteristics of artificial targets (such as color, shape, etc.) are carefully designed by humans and have specificity and prior nature, they can be well distinguished in underwater backgrounds. Li Qingzhong et al. proposed an algorithm for real-time line detection on low-frequency subbands of image wavelet transform, which can accurately detect the line features of underwater artificial targets. Dudek et al. proposed a color correction model28, which uses Markov random field model to learn statistical information from training image pairs (original image and correction image). Chen Zhe29 et al. proposed an underwater target detection method based on weighted fusion of multiple feature information (including color and texture features), which improves the robustness of the detection model to adapt to the ever-changing optical environment underwater. Underwater artificial target detection mainly focuses on image correction and feature extraction. By enhancing the underwater image and extracting obvious target features, the target in the image can be basically detected. The detection difficulty of underwater biological targets is significantly higher than that of artificial targets, mainly due to the living characteristics of organisms such as sea cucumbers. Sea cucumbers mostly inhabit hard rock bottoms, with colors similar to those of rocks. Moreover, the underwater environment is difficult to visually determine the position of sea cucumbers due to the absorption and refraction effects of light, thus facing more challenges.
Early underwater object detection was mainly based on a combination of traditional image object detection methods and simple machine learning. In 2010, Christian et al. proposed an underwater object segmentation algorithm based on active contours. By using the initialization of visual attention results and the criteria for selecting the optimal region descriptor, the traditional active contour method overcomes the shortcomings of fixed region descriptors and the convergence of the method being affected by initialization. However, the disadvantage is that when the color of the target is similar to the background of the image, the accuracy of object detection will greatly decrease. In 2011, Marindia proposed an algorithm for underwater target detection and reconstruction of target geometry based on the Radon transform. In 2012, Beijbom et al. proposed multi-scale detection of underwater coral targets using texture and color features. In 2014, Kim et al. proposed the use of weighted sum correlation coefficients for template matching in underwater target detection. In 2016, Chuang et al. proposed an underwater recognition framework composed of feature learning without supervised learning and error proofing classifiers for live fish detection.
In practical applications, images collected by cameras underwater have drawbacks such as color distortion and blurring. In order to improve the accuracy of object detection, contrast enhancement and color correction are generally performed on underwater images before feature extraction. However, the method of feature extraction is still based on traditional machine learning theory, with high algorithm complexity and long running time, which cannot be applied in different scenarios. So a more efficient feature extraction algorithm is needed for object detection.
[bookmark: _Toc10491] Research status of deep learning object detection methods
Traditional object detection usually consists of three steps. Firstly, an exhaustive strategy is used to select candidate regions on a given image using a sliding window, followed by feature extraction of these regions. Finally, a trained classifier is used for classification. The traditional method of selecting candidate regions for target detection has high computational costs and lacks targeted selection of targets. It consumes too much time in selecting candidate regions and the artificially designed features do not have generalization performance when facing diverse target objects, resulting in poor target detection performance. Convolutional neural networks based on deep learning can automatically learn useful features through training, and have certain stability against changes in target morphology caused by factors such as lighting and different characteristics of the target itself.
In 1998, Yann LeCun et al. proposed the first convolutional neural network, LeNet, which combines convolutional layers and downsampling as the basic structure of the network and uses backpropagation to learn neural network parameters. In 2012, Krizhevsky et al. proposed the AlexNet network, and convolutional neural networks emerged, giving new development space for deep learning. R. Girshick et al. proposed a region RCNN with CNN features for object detection in 2014. This algorithm first uses selective search to obtain the ROI of the region of interest, then warps the extracted ROI to the same size, and finally inputs it into the classifier for classification and border correction. Deep learning based object detection can be divided into region based object detection and regression based object detection. The former defines the detection process as a "coarse to fine" process, while the latter is defined as a "one-step approach".
In 2014, He Kaiming et al. proposed SPPNet, which introduced a spatial pyramid pooling layer to enable CNN to generate fixed length representations without the need to input fixed sizes, improving detection speed. However, they did not consider the layers before the fully connected layer. In 2015, R. Girshick proposed the Fast RCNN detector, which uses the RoI pooling layer to extract feature regions corresponding to regions of interest from the generated full image features, effectively avoiding the time-consuming nature of serial feature extraction methods. Ren et al. also proposed an improved version of Fast RCNN, Fast R-CNN, which directly uses RPN to generate the region to be detected instead of the previous selective search, greatly improving the detection speed.
In regression based detection algorithms, R. Joseph et al. proposed the YOLO algorithm in 2015 to achieve one-step in place detection. YOLO inputs the entire image into a neural network detector and divides the image into S × S grids are used to predict the bounding boxes and categories of targets with center points falling within the grid. In order to further improve the speed and accuracy of the network model, the team proposed more excellent YOLO900 and YOLOv3 object detection algorithms, especially YOLOv3, which had outstanding performance and became the best single stage object detector at that time. Faster R-CNN achieved high detection accuracy at the expense of speed. On the contrary, YOLO sacrifices accuracy in the end-to-end implementation process to achieve higher detection speed. In 2016, Liu et al. proposed an SSD that combines their advantages and disadvantages. It introduces the anchor box idea of constructing candidate regions in Faster R-CNN, and performs dense anchor box sampling to extract features for classification and regression. The SSD algorithm performed excellently in both accuracy and speed among the target detection algorithms at that time.
The emergence of ComerNet in 2018 brought the idea of anchor free boxes into people's vision. It abandoned the idea of preset anchor boxes and directly predicted the positions of the upper left corner and lower right corner of the detection box, making the detection process simpler. In 2019, ExtremeNetlS2l improved CenterNetl3. Due to the different shapes of different objects, rectangular boxes do not have generalization for all shapes of objects. Therefore, the ExtremeNet algorithm no longer detects the upper left and lower right corners of the constructed rectangular box, but instead detects the four extreme points of the target to minimize background interference. However, this type of target detection algorithm has a slower speed and is not accurate enough for detecting large targets.
In 2020, AlexeyABlSA et al. proposed an efficient and powerful object detection model YOLOv4, which can train ultra fast and accurate object detectors using 1080Ti or 2080Ti. During the training process of the detector, the impact of some state-of-the-art research results on the target detector was verified, and the SOTA method was improved to make it more effective and suitable for single GPU training. In June 2020, Ultralytics opened up YOLOv5, which has a small model and fast speed that can be used on embedded devices. The input end adopts the same Mosaic data augmentation as YOLOv4
In addition, YOLOv5 can adaptively calculate the optimal anchor box values for different training sets. YOLOv4 outperforms YOLOv5 in performance, but has poorer flexibility and speed compared to YOLOv5.
Although deep learning based object detection algorithms perform better than traditional object detection algorithms, there are still some urgent issues that need to be addressed. On the one hand, convolutional neural networks require a large amount of labeled data input, which results in high manual labeling costs and a certain probability of errors; On the other hand, the design of convolutional neural networks needs to be adjusted according to different object detection tasks to improve the efficiency of object detection. Its effectiveness is difficult to explain mathematically and mainly relies on experiments to verify. Moreover, parameter settings during the training process require a lot of experience accumulation and high requirements for experimental environments.
  	 
[bookmark: _Toc29725]Methodological Review and Expected Results
This article adopts quantitative analysis, Quantitative analysis of underwater target detection usually requires consideration of the following aspects:
·Dataset: It is necessary to select an appropriate datasets, including factors such as positive and negative sample size, target type, target size, and underwater environment. The quality of the datasets is crucial for the accuracy and stability of the model.
·Feature extraction: It is necessary to choose an appropriate feature extraction method to extract useful features to describe underwater targets. Common feature extraction methods include convolutional neural networks based on deep learning and traditional computer vision methods.
·Model selection: It is necessary to select a suitable model for underwater target detection. Commonly used models include Fast R-CNN, Mask R-CNN, YOLO, etc. based on deep learning, as well as traditional object detection methods.
·Evaluation indicators: It is necessary to select appropriate evaluation indicators to evaluate the performance of the model. Common evaluation indicators include accuracy, recall, F1 value, etc. In underwater environments, it is necessary to consider factors such as changes in target scale and illumination.
·Data augmentation: It is necessary to use data augmentation techniques to expand the datasets and improve the generalization ability of the model. Common data augmentation techniques include rotation, scaling, flipping, etc.
Taking into account the above aspects, quantitative analysis of the performance of underwater target detection can be conducted, and the model can be continuously optimized to improve detection accuracy and robustness.
The use of quantitative analysis is required for underwater target detection for several reasons:
·Accuracy assessment: The use of quantitative analysis allows for an objective assessment of the accuracy of an algorithm by calculating metrics to compare the performance of different algorithms. For example, the mean average precision (mAP) can be used to assess the performance of detection algorithms and compare them to other algorithms. This allows determining which algorithm is better suited for a specific underwater target detection task.
·Data analysis: Quantitative analysis can help analyze the data and identify any deviations or outliers. This is especially important for underwater target detection, as the underwater environment is susceptible to light, water quality, vegetation, and other factors that can cause data to vary.
·Algorithm optimization: Quantitative analysis can help identify bottlenecks in the algorithm and thus determine which areas need improvement. By evaluating the performance of the algorithm in different scenarios, it can be determined which parameters need to be adjusted to optimize the performance of the algorithm.
·Annotation quality control: In underwater target detection, annotation quality has a significant impact on the performance of the algorithm. By quantitatively analyzing the annotation data, annotation errors can be identified and the annotation process can be improved, thus improving the annotation quality.
[bookmark: _Toc24263]  data collection
The underwater target detection dataset is the foundation for conducting research on underwater target detection. Analyzing a dataset can help understand its characteristics, advantages, and shortcomings, helping to select a suitable dataset, evaluate algorithm performance, and improve the performance of underwater target detection algorithms.
·Data size: The size of the dataset has a significant impact on the performance of the algorithm. Usually, the larger the dataset, the better the performance of the algorithm. The underwater target detection dataset should contain sufficient data volume and rich target types, while considering the balance and diversity of the dataset.
·Data quality: The quality of the dataset also has a significant impact on the performance of the algorithm. The underwater target detection dataset needs to consider factors such as clarity, resolution, and noise to ensure the authenticity and reliability of the data.
·Data type: The underwater target detection dataset should cover various types of underwater targets, such as fish, seaweed, sunken ships, etc. At the same time, the targets in the dataset should cover different sizes, shapes, and directions to cover the detection of multiple underwater targets.
·Data annotation: Data annotation is crucial for the performance and training effectiveness of algorithms. The annotation of the underwater target detection dataset should be accurate, complete, standardized, and match the requirements of the target detection algorithm.
·Dataset sources: There are various sources of underwater target detection datasets, which can be collected from reality or generated through synthesis. The source of the dataset has a significant impact on the performance and reliability of the algorithm, and should be selected according to research needs.
In summary, analyzing the dataset of underwater target detection is the foundation for conducting research on underwater target detection. Only by selecting a suitable dataset and conducting thorough analysis and evaluation of the dataset can a reliable foundation be provided for the development and application of underwater target detection algorithms.
The underwater target detection dataset refers to the dataset used for training and evaluating underwater target detection algorithms. The following are some commonly used datasets for underwater target detection:
·MIO-TCD: is an open dataset created in collaboration with the University of Tokyo and Kyoto University in Japan. Contains images of various underwater targets, such as fish, seaweed, seaweed, starfish, and rocks, some of which are manually annotated by divers.
·FathomNet: A dataset created by the US Navy Research Laboratory, which includes images of various underwater targets such as fish, crabs, lobsters, starfish, etc. The images were taken by divers and underwater robots.
·SeaQuest: a data set created by the National University of Singapore and the University of Manchester in the UK, including images of various underwater targets, such as fish, crabs, turtles, starfish, etc. The image was captured by an underwater robot.
·VICO: A dataset created in collaboration between Norwegian University of Science and Technology and Norwegian Arctic University, including images of various underwater targets such as fish, jellyfish, starfish, etc. The images were taken by underwater robots and divers.
·DeepFish: is a dataset created by the Chinese University of Hong Kong, containing images and videos of various fish species, some of which were manually annotated by divers.
These underwater target detection datasets can be used to evaluate and compare the performance of different underwater target detection algorithms, while also providing a foundation for developing more accurate and efficient underwater target detection algorithms.

[bookmark: _Toc32714]  Planing
here is a sample timetable for a research proposal:
·Week 1-2:
Refine research topic and research questions
Conduct initial literature review and identify research gaps
·Week 3-4:
Finalize research objectives and goals
Develop conceptual and theoretical frameworks
Identify research participants and sampling technique
·Week 5-6:
Develop and pilot test research instruments (e.g. surveys, interview protocols)
Finalize data collection procedures and methods
·Week 7-8:
Collect and code data
Begin data analysis
·Week 9-10:
Complete data analysis
Draft the results section of the research proposal
·Week 11-12:
Write the methodology and literature review sections of the research proposal
Revise and edit the entire proposal
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[bookmark: _Toc99618483]Figure 1 - Planning Chart for the Project
It's important to note that the specific timeline for a research proposal can vary depending on the scope and complexity of the research project. It's also a good idea to build in some extra time for unforeseen delays or issues that may arise during the research process.




 
 	 
[bookmark: _Toc27182]Evaluation and Conclusion 
With the rapid development and popularization of underwater robot technology, the amount of data in underwater images is gradually increasing. The bottleneck in underwater image research caused by the lack of data will also be gradually broken in the future, and more and more research is starting to combine deep learning with underwater optical image research. This article continues to conduct research on the basis of previous studies, analyzes the current research status in the field of underwater images, introduces the current algorithms for underwater image processing and underwater object detection, and conducts experimental exploration of the difficulties in these two types of problems, proposing feasible improvement plans. The proposed underwater image generative model can successfully synthesize the image data set of underwater underwater matching; The proposed underwater image enhancement model improves the detail quality of underwater images and corrects the color of underwater images; The improvement of the Faster R-CNN network model effectively improves the detection accuracy of underwater targets. This article conducts research and analysis on the key and difficult issues in underwater image processing and underwater object detection based on deep learning algorithms. The main work is as follows:
First, at present, the water underwater paired image data set is scarce, which makes the underwater image enhancement model based on supervised learning lack the support of training data. In order to solve this problem, this paper proposes a GAN based paired underwater image data generative model. Distinguish the transmission map components of the direct attenuation component and the backward attenuation component in the underwater imaging model, and set the parameters in the imaging model as dynamic variables. Taking the underwater image and its depth map as input, the corresponding underwater environment image is simulated by generating a network, and then the similarity calculation is carried out with the real underwater image, and fed back to the loss function. Finally, the underwater image is converted into a more real underwater image through confrontation training.
Secondly, through the first task mentioned above, a large number of paired underwater image datasets can be obtained. Combining the generated dataset, this paper proposes a supervised underwater image enhancement network based on MWCNN to address the issues of fog blur and color distortion in underwater images. Replacing the upper and lower sampling in the traditional U-shaped network with wavelet packet transform and wavelet inverse transform effectively preserves the detailed feature information of the image, strengthens the network's ability to extract details, and thus makes the image clear and achieves defogging effect; Combined with the Gram matrix of the image, a loss function is designed to supervise the color correction of the network, which effectively restores the true color of the underwater image. The experiment shows that the underwater image enhancement model proposed in this paper can effectively improve the details of the underwater image, remove fog blur, and has excellent ability in color correction. Compared with the comparison algorithm, it achieves higher performance in both objective indicators and subjective vision.
Thirdly, in response to the problems of target ambiguity, small target detection, and target overlap in underwater target detection, this paper proposes a model for underwater target detection based on Faster R-CNN. Firstly, using Resnet50 as the foundation of the backbone feature extraction network, incorporating FPN structure, effectively improves the multi-scale feature extraction ability of the model and enhances the accuracy of small target detection; In the RPN module, WBF is used to replace NMS, and the prediction box boundaries of large IOUs are fused using a weighted method. The confidence of the fusion box is recalculated, effectively reducing the error removal of overlapping targets and enhancing the model's detection accuracy for overlapping objects; Finally, the dual detection head structure is used to replace the original single head structure, and the boundary box regression task is separately assigned to the convolutional head with stronger positioning ability, while the classification regression task is separately assigned to the fully connected head, effectively improving the network's positioning ability for fuzzy targets. The experiment shows that compared with the comparison algorithm, the improved object detection model proposed in this paper achieves higher mAP and higher accuracy in detecting fuzzy targets, small targets, and overlapping targets.
The underwater image enhancement algorithm proposed in this paper has achieved good results with the help of underwater image generative model. The underwater target detection algorithm proposed in this paper overcomes the shortcomings of many popular algorithms, and has greatly improved the accuracy. However, there are still many areas for improvement in the work of this article, and future research will be carried out in the following areas:
(1) The underwater image enhancement model ignores the influence of artificial light sources on underwater imaging in order to simplify the problem. However, in reality, artificial light sources are a commonly used auxiliary means in deeper water bodies. Artificial light will increase the image brightness, reduce the pixel intensity gradient, and enhance the influence of Forward scatter. Therefore, when processing images containing artificial light sources, the processing effect of the algorithm is not ideal. Incorporating these issues into future research can further enhance the performance of the enhanced model.
(2) The basic model of the improved underwater target detection algorithm in this article is the two-stage algorithm Faster R-CNN, which is not superior in running speed and may not be competent for tasks that require high real-time detection. Further research in the future can incorporate the improvement points proposed in the text into the one-stage object detection algorithm using appropriate methods, which may significantly improve the running speed while ensuring high accuracy.
(3) The dataset used in the object detection model in this article is URPC2020, which has fewer types of targets and a small overall data volume, and contains many samples with lower annotation quality. At present, there is a large amount of data in underwater images, but there are not many datasets labeled with targets. In the future, expanding high-quality underwater target detection datasets will further improve the accuracy of underwater target detection.
(4) This article attempts to introduce the underwater image enhancement model proposed in Chapter 3 as a preprocessing method into the target detection network in Chapter 4 during the experimental process. However, the experimental results show that the optimized human visual underwater image cannot improve the accuracy of the deep learning based target detection network, but instead brings the opposite effect in some difficult to detect areas. Difficult to detect areas are usually the areas with the lowest quality in the image. Although defogging, contrast adjustment, and color adjustment can improve their visual appearance and improve the efficiency of manual analysis, there may be significant differences between the pattern of recognizing features with the naked eye and the model of deep network recognition, resulting in a negative improvement in the accuracy of this area. This phenomenon can be used as a starting point for future work, Further study the difference in feature recognition between the naked eye and the machine.
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