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Abstract


Underwater fish image segmentation is a crucial technique in marine fish monitoring. However, typical underwater fish images often suffer from issues such as color distortion, low contrast, and blurriness, primarily due to the complex and dynamic nature of the marine environment. To enhance the accuracy of underwater fish image segmentation, this paper introduces an innovative neural network model that combines the attention mechanism with a feature pyramid module. After the backbone network processes the input image through convolution, the data pass through the enhanced feature pyramid module, where it is iteratively processed by multiple weighted branches. Unlike conventional methods, the multi-scale feature extraction module that we designed not only improves the extraction of high-level semantic features but also optimizes the distribution of low-level shape feature weights through the synergistic interactions of the branches, all while preserving the inherent properties of the image. This novel architecture significantly boosts segmentation accuracy, offering a new solution for fish image segmentation tasks. To further enhance the model’s robustness, the Mix-up and CutMix data augmentation techniques were employed. The model was validated using the Fish4Knowledge dataset, and the experimental results demonstrate that the model achieves a Mean Intersection over Union (MIoU) of 95.1%, with improvements of 1.3%, 1.5%, and 1.7% in the MIoU, Mean Pixel Accuracy (PA), and F1 score, respectively, compared to traditional segmentation methods. Additionally, a real fish image dataset captured in deep-sea environments was constructed to verify the practical applicability of the proposed algorithm.
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1. Introduction


Fish are a major source of protein in human diets, playing a crucial role in human health [1]. As fish research expands, monitoring and studying the living habits, health, and growth of fish in deep-sea environments have become increasingly important. To track the condition of fish over the long term, many researchers have begun using fixed underwater observation devices to capture fish activity, generating large amounts of data [2]. However, the raw images captured are often noisy and difficult to process. To extract key information from these images, image segmentation has become a focal task for researchers. Traditional segmentation methods, however, suffer from low efficiency and poor accuracy. With the use of advanced neural network models, researchers can now automate the segmentation of fish images. This approach allows for the precise extraction of key information such as the size, quantity, and species of fish. Such accurate biomass data are invaluable for guiding aquaculture practices and deep-sea research [3].



As algorithms advance, deep learning has become increasingly important in image segmentation tasks, particularly with convolutional neural network models like U-Net [4], SegNet [5], and Mask R-CNN [6]. In the context of fish analysis, pre-trained models can be fine-tuned to recognize and segment fish in underwater images [7]. These models extract key biological features, such as the size, shape, and species, which are crucial for biomass estimation, population health monitoring, and aquaculture management [8]. By applying deep learning, researchers can automate the processing of large image datasets, improving efficiency while providing more precise and consistent measurements compared to traditional manual methods.



As machine learning techniques evolve, the advantages of convolutional neural networks (CNNs) in feature extraction have been widely recognized. CNNs outperform many traditional methods, such as morphology-based recognition techniques [9]. Currently, CNN-driven object-detection algorithms have gradually replaced traditional models, becoming the new industry standard. However, despite the significant performance improvements brought by automated feature extraction, detail loss during pixel-level analysis remains a challenge [10]. This is because convolution and pooling operations can reduce feature maps, degrading image quality. To address this, several strategies have been proposed to improve CNN performance in image segmentation tasks.



After analyzing large datasets, Konovalov’s research team developed an efficient convolutional neural network (CNN) classifier [6], which was fine-tuned in practice to improve its recognition performance. They observed that, in certain scenarios, omitting traditional image preprocessing steps could enhance model performance, helping to address overfitting caused by a limited dataset size. Majumder and his team explored and evaluated six CNN-based transfer learning architectures [11]. In tests, the InceptionResNetV2 [12] and Xception models showed outstanding performance, achieving 98.81% accuracy. N.S. Abinaya and colleagues used YOLOv4 to segment and identify fish in concealed underwater environments [13], applying multi-segment processing to track a fish’s movement. Mohammad Jahanbakht and his team employed weakly supervised learning models to segment fish in murky waters, significantly increasing the processing speed at the cost of a 4% reduction in accuracy [14].



Convolutional neural networks (CNNs) learn abstract representations of data through deep convolutional operations, enabling the network to remain robust to local transformations in the image. Building on this foundation, PSPNet [15] employs dilated convolutions to expand the receptive field and perform multi-scale feature extraction. The DeepLab series has also made significant contributions to the field of image segmentation, with DeepLabV3+ [16], developed by Chen’s team in collaboration with Google, being an important version. DeepLabV3+ improves segmentation accuracy by introducing enhanced skip connections (also referred to as atrous or dilated convolution) and an encoder–decoder structure, which effectively capture multi-scale information in images. To further expand the receptive field and integrate multi-scale information, Chen et al. proposed a hierarchical dilated pyramid pooling structure [17]. Fu et al. integrated a dual-attention network model, incorporating both spatial and channel attention, which performs better in complex environments [18]. By learning dependencies between different image locations and between channels, this model improves segmentation performance. In semantic segmentation, Liu et al. optimized model architecture through hierarchical neural architecture search [19]. Their approach uses a detail branch to capture high-resolution information, while a semantic branch extracts semantic features, which are then fused to generate the final segmentation result. Alshdaifat et al. proposed a segmentation method based on an enhanced dilated convolutional pyramid pooling approach [20], addressing the challenges of multi-scale target segmentation and category boundary prediction. This method enhances segmentation accuracy by fusing multi-level features, particularly for segmenting targets of varying sizes in complex scenes.



Current underwater fish datasets fail to accurately represent the diversity of underwater environments and the various challenges they pose [21]. In these ecosystems, fish often exhibit appearances that closely resemble the background (such as rocks), and occlusion issues between individuals are common [22,23].



To address these challenges and improve underwater fish image segmentation accuracy, this paper proposes a novel model based on attention mechanisms and feature pyramids. The model focuses on multi-scale feature extraction, with enhancements made to the attention module and pyramid feature architecture. These modifications improve the receptive field and extend the range of contextual information extraction. As a result, the model can capture more relevant information in complex environments, increase the weight of low-level features, and enhance segmentation accuracy.



	
Feature Extraction with a ResNet50 Backbone: The ResNet50 backbone is employed for feature extraction, with the improved pyramid feature extraction architecture integrated after each residual convolution block. This architecture introduces multiple branches that capture the global context using multiple receptive fields. While enhancing high-level semantic feature extraction, it optimizes the weight distribution for low-level features, focusing more on shape or threshold-related aspects. By fine-tuning the weight allocation, this approach addresses the challenges of complex underwater environments and interference from aquatic plants and rocks, improving fish segmentation accuracy.



	
Improved Dilated Convolution with Channel Attention: Compared to the original feature extraction module, the dilated convolution block incorporates an enhanced channel attention mechanism. The original pyramid structure and channel attention mechanism used fully connected layers for global optimization, which caused a dimensionality reduction in the extracted feature maps. In contrast, the proposed model replaces all fully connected layers with 1 × 1 convolutional kernels, preserving inherent properties while avoiding accuracy degradation due to dimensionality reduction, and enhancing the interaction between different channels.



	
ResNet50 Model Improvement for Underwater Fish Segmentation: To address the blurriness and unclear backgrounds in the fish segmentation dataset, the ResNet50 model is modified. Downsampling is performed in the decoding block to reduce the computational cost, allowing the model to efficiently extract deep semantic information from fish images.



	
Construction of a New Dataset for Deep-Sea Fish and the Use of Dark Channel Dehazing: A new deep-sea fish image dataset is created for validation, and data augmentation techniques are applied to enhance image clarity. The practical applicability of the proposed algorithm is assessed in challenging underwater environments.







2. Related Work


2.1. Attention Mechanism


Attention mechanisms have been widely applied in computer vision tasks. The overall logic is represented by Equation (1) [24]. The attention mechanism is shown in Equation (1).


      A t t e n t i o n = f   g   x   ,   x        



(1)







In this context, x refers to the input image, and g(x) represents the initial processing of the input features within the attention mechanism. During this stage, the correlation between x and the ground truth is computed, and corresponding weights are derived through parameters. This correlation is typically calculated using dot product or cosine similarity, followed by normalization, which prepares the data for subsequent processing. f(g(x),x) represents the second step of processing, where the previously computed weights and the normalized x are summed to produce the final output.



The attention mechanism is employed to enhance feature extraction and optimize the model [25]. Different methods emphasize different aspects, with the channel attention mechanism focusing specifically on channel-wise information.


    z   c   =   F   s q       u   c     =    1   H × W      ∑  i = 1   H      ∑  j = 1   W      u   c     i , j    



(2)







Equation (2) illustrates the compression process of the channel attention mechanism. By inputting the image, the output of size 1 × 1 × C can be obtained, which theoretically represents the global information. Here, uc represents the input matrix of the feature map along dimension C, and F() denotes the compression process, i.e., the “squeeze” operation. In the actual computation,     ∑  i = 1   H      ∑  j = 1   W      u   c     i , j     represents the summation of feature values over all spatial locations along dimension c. After summing, it is divided by H × W to compute the average value. Finally, a 1 × 1 output is obtained, where Zc is a scalar.



While the attention mechanism improves local segmentation, it diminishes the contextual relationships, thereby limiting the overall performance of the model [26]. To address this issue, this study leverages a feature pyramid and strengthens generic attention using multi-level dilated convolutions.




2.2. Space Pyramid Pooling


Image segmentation tasks in complex scenes demand extensive information processing, and single-core deep convolutions have limited effectiveness. In contrast, multi-level pyramid dilated convolutions can extract semantic features at different scales through multiple branches [27]. Among these, a dilated convolution plays a key role in the module, as it expands the receptive field without sacrificing resolution. The relationship between the actual output and the original convolution kernel k is illustrated below.


  Y = k +     k − 1     r a t e − 1    



(3)







In this equation, Y is the size of the kernel, meaning that if there is no dilation rate, the kernel elements are adjacent. k − 1 represents the spacing between adjacent elements in the original kernel, while rate − 1 indicates how the dilation rate expands the spacing. The larger the dilation rate, the greater the spacing between adjacent elements, which results in a larger receptive field. Expanding the receptive field enhances the information extraction rate, but to reduce computational load, it is important to avoid excessively large feature maps. Dilated convolutions efficiently address this challenge while extracting multi-scale information.





3. Model


The underwater fish image segmentation model presented in this paper is composed of the following modules: the data augmentation module, feature extraction network, and encoder–decoder modules. The encoder module takes preprocessed and fused underwater fish color images as the input. It is based on research from existing segmentation models, balancing computational efficiency and segmentation accuracy, and is inspired by the ResNet architecture. Additionally, an attention mechanism and an optimized pyramid feature extraction module are introduced to enhance the model’s performance. After the improvements, the model not only maintains high segmentation efficiency but these also significantly improve segmentation accuracy. In the decoder, 1 × 1 convolution operations adjust the channel count, fusing low-level shape features with high-level semantic features extracted by the encoder. The fused features are further processed by two depth-wise separable convolution modules, ultimately producing the predicted output. The overall network structure is shown in Figure 1.



3.1. Backbone Network


The advantage of ResNet is its use of residual learning to enhance the performance of deep networks, effectively mitigating the issue of divergence that arises with excessive network depth. In this model, a modified ResNet50 is employed as the backbone for feature extraction. For an input image of size 512 × 512 × 3 (with 3 representing the RGB color channels), traditional ResNet50 extracts high-level features through five convolutional blocks. In this paper, we incorporate a shape attention module after each convolutional block to focus the model on important regions of the image and effectively filter out potential background noise, such as rocks and seaweed.




3.2. Pyramidally Attended Feature Extraction


Neuroscientific experiments have confirmed that multi-scale receptive fields in the human visual system help to highlight core regions. After multiple convolutions, fish images generate different input features. Features at different levels contain distinct information. The shape attention module discussed earlier focuses on low-level information to obtain localized optimized parameters, but it still needs to incorporate high-level contour information. Objects in an image have varied scales, and single-scale features cannot capture the multi-scale context of different objects. Thanks to the advantages of pyramid architectures in image segmentation, some segmentation networks utilize pyramid structures. However, due to interference from similar background images, such as rocks and seaweed, high-level features cannot be directly used and require weight optimization. Spatial attention is applied to features at different scales to focus more on visually important regions. To further enhance the feature pyramid extraction module, this model integrates the attention mechanism into the multi-scale branch network. The detailed structure is illustrated in Figure 2.



The low-level feature values first pass through three parallel dilated convolution layers to extract multi-scale feature information. The other two branches, consisting of 1 × 1 convolution layers and average pooling layers, ensure the integrity of the low-level information, reducing the loss of contextual information. The original PAFE convolution kernels and dilation rates are not suitable for fish segmentation. Considering the edge information and target size in fish images, the dilation rates have been modified to 2, 4, and 6. The improved spatial attention mechanism can escape local optima to achieve better results.



Compared to the original pyramid architecture, the dilated convolution block incorporates an improved channel attention mechanism. Both the original pyramid architecture and the channel attention mechanism use fully connected layers, which lead to a dimensionality reduction in the extracted feature maps, causing different features to compute the same result. To avoid the dimensionality reduction, the fully connected layers have been replaced with 1 × 1 convolution kernels, which maintain the inherent properties while increasing interactions between features.



After entering the PAFE module, the feature values pass through different branches. The 1 × 1 convolution kernel and average pooling architecture preserve the original dimensions. Feature maps passing through the 2, 4, and 5 dilation kernels then undergo the improved channel attention module. First, global pooling is applied to transpose the features to a 1 × 1 × C shape. The original channel attention mechanism uses two fully connected layers, which increase the receptive field but also raise the parameter count and ignore spatial architectural features, leading to a dimensionality reduction. Therefore, fully connected layers are not suitable for image segmentation tasks. Instead, 1 × 1 convolution kernels are used to enhance interactions between channels, further completing the multi-scale feature extraction task. After passing through the 1 × 1 convolution kernel, the SIGMOID function calculates a weight between 0 and 1, which is then multiplied with the original feature values to obtain the required feature values.




3.3. Loss Function


Ion accuracy, and combining the application of exponential and logarithmic transformations to both Dice loss and cross-entropy loss, can lead to finer segmentation boundaries with the benefits of more accurate data distribution. Its definition is as follows: The LDice loss is commonly used to evaluate the similarity between predicted results and ground truth in image segmentation tasks [28]. The Dice coefficient measures the similarity between two sets, and Dice loss is 1 minus the Dice coefficient, which helps minimize segmentation errors. Lcross [29], the cross-entropy loss, is used for multi-class classification problems, measuring the difference between the predicted probability distribution and the true labels. Cross-entropy loss is commonly used in training classification models, especially for pixel-level tasks like image segmentation. w is the weight coefficient that controls the relative importance of Dice loss and cross-entropy loss in the combined loss. By combining these losses, this approach optimizes both pixel-level classification accuracy (cross-entropy) and the overlap between the segmented shape and the ground truth (Dice loss). This approach is particularly effective for image segmentation, especially when the target objects are imbalanced in size.


        L   E x p   =   w   D i c e     L   D i c e   +   w   c r o s s     L   c r o s s        



(4)









4. Experiment


4.1. Dataset Acquisition and Processing


This experiment utilized 6056 fish images from the Fish4Knowledge dataset as the focus of the fish target segmentation task. After applying data augmentation, the images were converted to the VOC format. To ensure both the accuracy and generalizability of the experiment, the selected underwater fish images covered a variety of fish species and different viewing angles. Furthermore, to reduce computational complexity and simplify the model, all images are uniformly resized to a fixed resolution of 512 × 512 pixels. The dataset’s JPEG images were drawn from 23 fish species within Fish4Knowledge and have been annotated at the pixel level for subsequent experimental validation. A total of 6056 images were selected from the Fish4Knowledge dataset, and they were split into training, validation, and test sets in a 7:2:1 ratio. The distribution was strictly carried out by randomly selecting specific samples.



To further augment the dataset with more images, the following data augmentation methods were applied: Mixup [30], a data augmentation technique, linearly combines features from different samples, enabling the model to capture linear relationships between samples. This form of linear modeling helps to reduce the model’s bias when processing data outside the training set; Cutout [31] involves filling a randomly placed square of fixed size with zeros. To minimize the impact of zero-padding on training, some additional data processing is necessary; CutMix [32] places two targets in a local region, enhancing the model’s ability to identify complex areas. The effects of these augmentations are illustrated in Figure 3.




4.2. Evaluation Criteria


Due to the minimal differences between each segmented image, it is challenging to evaluate them accurately with the naked eye. This study selects three commonly used evaluation metrics, namely F1-score, Global Accuracy, and the Mean Intersection over Union.



F1-Score:


  F 1 - S c o r e =    2     1   p r e c i s i o n   +   1   r e c a l l      = 2 ×    p r e c i s i o n × r e c a l l   p r e c i s i o n + r e c a l l     



(5)







F1 is a commonly used metric for imbalanced datasets. It is the harmonic mean of precision and recall, providing a balanced evaluation of a model’s performance on both positive and negative samples. Precision, or positive predictive value, is the proportion of predicted positive samples that are actually positive. Recall is the proportion of true positives correctly identified by the model. The F1 score is the harmonic mean of these two metrics, aiming to balance precision and recall. Unlike their arithmetic mean, the harmonic mean is more sensitive to lower values, so when there is a large discrepancy between precision and recall, the F1 score will be lower.



Pixel Accuracy (PA):


  P A =      ∑  i = 0   n      p   i i       ∑  i = 0   n      ∑  j = 0   n      p   i j      =    T P + T N   T P + T N + F P + F N     



(6)







In this context, TP (True Positive) refers to the number of pixels correctly predicted as the positive class. TN (True Negative) refers to the number of pixels correctly predicted as the negative class. FP (False Positive) refers to the number of negative pixels incorrectly predicted as positive, and FN (False Negative) refers to the number of positive pixels incorrectly predicted as negative. Therefore, pixel accuracy measures the proportion of correctly predicted pixels among all pixels. The higher the value, the better the model’s overall performance.



The Mean Intersection over Union (MIoU):


  M I o U =    1   k + 1      ∑  i = 0   k         p   i i       ∑  j = 0   k      p   i j   +   ∑  j = 0   k      p   j i   −   p   i i       



(7)







IoU (Intersection over Union) measures the overlap between the model’s prediction and the ground truth for each class. The higher the value, the more accurate the model’s prediction. The MIoU (Mean Intersection over Union) is the average of IoU values, providing a comprehensive evaluation of the model’s performance across multiple classes. It is especially useful for multi-class segmentation tasks.




4.3. Comparison with Other Models


This study evaluated 7 different network architectures under the same training conditions on the same dataset, with the results presented in Table 1. The following models are commonly used in recent image segmentation research, and the results were obtained using the fish dataset.



The system configuration consisted of an Intel 12th Gen Core™ i5-12400F processor, 3060 GPU, and 16 GB (8 GB × 2) of RAM. All comparison groups presented in this paper were trained using this machine with identical parameter settings, and all models were pre-trained on the ImageNet dataset to ensure the initial parameters were not excessively biased. The model was trained using Stochastic Gradient Descent (SGD) with a learning rate of 7 × 10−3, a minimum learning rate of (7 × 10−3) × 0.01, and a cosine learning rate decay. The training was carried out for 100 epochs, with a batch size of 4. The downsample_factor was set to 16, as a value of 8 was not feasible due to GPU memory limitations. The input image size was 512 × 512, and Weight decay was set to 1 × 10−4 to prevent overfitting.



All of the algorithm models used in this paper are based on publicly available research papers. No modifications were made except for the addition of backbone networks. The models include UNet [4], PSPNet [10], DeepV3, DeepV3+ [12], VGG16 [33], and ResNet50 [34].



Table 1 represents the average accuracy of different models for the same test set under the same training environment, starting from three indicators respectively. Figure 4 is the visual display and comparison, Figure 5 is the segmentation effect comparison.



To further validate the stability of the model proposed in this paper, the Black Sea Spart dataset was selected as an additional validation set, providing a more intuitive understanding of the improvement in segmentation performance. The results are shown in Figure 6.




4.4. Discussion


The fish segmentation model proposed in this study achieved the highest F1 score among all of the models. In comparison with other algorithms, it consistently demonstrated state-of-the-art detection metrics. Furthermore, the ResNet50 backbone outperformed VGG16 in the fish segmentation tasks. Compared to the baseline algorithms, the algorithm incorporating the pyramid feature extraction architecture showed a significant improvement in segmentation performance, sacrificing some computational speed in exchange for a higher detection accuracy.



The Table 2 were obtained after testing the model post-training, where the time taken was averaged over ten repeated tests to reduce errors. As is shown in the chart, VGG16 has the largest number of parameters due to its three fully connected layers. DeepV3 has the advantage in terms of size while maintaining a certain level of accuracy. The model proposed in this paper, however, involves multiple iterations through the feature pyramid and attention modules, leading to some parameter redundancy and a disadvantage in speed. This is one of the areas for future improvement.




4.5. Ablation Experiment


We use the ResNet50 backbone as the baseline to highlight the contribution of different modules. The first step was to evaluate how much the accuracy of the new network improved compared to the original model when various modules were added. The segmentation results after modifying the pyramid architecture and shape attention module in the network are presented in Table 3. The experimental results demonstrate that the pyramid feature extraction architecture improved segmentation accuracy by approximately 4% in underwater fish segmentation. Additionally, adding the shape attention module after the convolutional blocks of ResNet50 led to an improvement in detection accuracy.



Next, we investigated specific parameters in the architecture, beginning with the role of the 1 × 1 COV and whether it can replace the fully connected layer. From Table 4, we observe that incorporating the 1 × 1 COV into the PAFE architecture resulted in noticeable improvements in image segmentation performance. The new network efficiently extracts higher-quality multi-scale features from images. Therefore, the effects of dilation and the 1 × 1 COV are significant. Figure 7 also confirms this point from the perspective of implementation effect.




4.6. Validation on Real Deep-Sea Fish Images


We constructed a real underwater image dataset consisting of over a hundred high-definition images captured at a depth of 3000 m using specialized underwater imaging equipment. The dataset includes underwater species such as fish, crabs, and shrimp, where the targets closely resemble the background. After preprocessing the images, segmentation experiments were conducted using various algorithms. The results show that classic neural networks, prior to any improvements, performed poorly in segmentation. However, the model proposed in this paper, inspired by camouflaged object segmentation techniques, optimizes the loss function and successfully segments the target to some extent. This approach presents a promising direction for future research regarding how to effectively segment fish in real-world environments. Figure 8 Model segmentation effect, the middle column represents the original model effect.



Obtaining deep-sea fish images is challenging due to issues such as uneven lighting and the high similarity between the target and the background. The model presented in this paper improves upon the combination of neural networks and feature pyramids by focusing on the specific regions where the targets are located for detailed segmentation. Traditional segmentation algorithms struggle to distinguish between fish shadows and fish bodies, especially in areas with similar brightness. To enhance the model’s performance in deep-sea fish image segmentation, specific optimizations and image preprocessing steps are necessary.



In deep-sea fish image segmentation, two main challenges arise: first, the fish shadow and the fish body are similar in shape; second, the RGB values of the bait and soil reflections are close to those of the fish body. To address these challenges, both the images and the model underwent further processing, as shown in Figure 9. During segmentation, the algorithm first optimizes the image by enhancing contrast and improving readability. The model then prioritizes color features, comparing them with the pre-trained model to identify key color values. This step filters out fish shadows and soil color blocks, focusing the attention on the fish itself. Next, the PAFE module uses optimized parameters to identify the fish’s shape features. Thanks to pre-training, the model performs secondary identification, directly detecting the fish and generating a segmented image. However, since the shape and reflective RGB values of the bait are similar to those of the fish, the bait is segmented alongside the fish. This is an area that requires further improvement in future research.





5. Conclusions


To address the challenges in underwater fish image segmentation, this study proposes an innovative model based on a combination of the attention mechanism and feature pyramid module. The model’s uniqueness lies in its ability to adaptively assign weights through the attention mechanism, enhancing feature selectivity and sensitivity, while also extracting features from multiple levels using the feature pyramid module to strengthen the correlation of contextual information. This multi-level feature extraction strategy significantly boosts segmentation accuracy. In particular, the feature pyramid structure effectively integrates high-level semantic information with low-level detail features, enabling the model to better capture fish boundaries and shape features in complex scenes, thereby improving the overall segmentation performance. The model achieves high-precision segmentation results through pixel-level classification. Comprehensive evaluation of an underwater fish image dataset, along with comparison with other mainstream models, demonstrates the significant advantage of the proposed model in terms of segmentation accuracy. This study not only provides a novel and effective tool for underwater image processing but also lays the groundwork for future research, highlighting its broad application potential, particularly in target recognition and segmentation tasks in complex environments.



Equation (12) explains the principle of the attention mechanism, while Equation (1) describes the recalculation and redistribution of weights in the attention mechanism itself. Equation (2) represents channel attention, which compresses global information to expand the receptive field and is one of the cornerstones of the proposed model. Equation (3) refers to dilated convolution, part of the pyramid structure, which increases the receptive field and facilitates multi-scale feature extraction from deep feature maps, improving segmentation accuracy. Equation (4) represents the model’s loss function, which combines two loss functions: cross-entropy loss to optimize pixel-level classification accuracy, and Dice loss to ensure the overlap between the segmentation shape and the ground truth label. This combined approach is particularly suitable for image segmentation tasks, especially when the target object is unevenly represented. Equations (5)–(7) assess the utility of the proposed model from three different perspectives. F1 measures the model’s ability to maintain a high accuracy across a large sample size, its error rate, and its practical application potential. PA represents pixel accuracy for a single image, testing whether the model can reduce errors to the pixel level in complex environments, rather than just recognizing contours with limited precision. MIoU is an intuitive metric that evaluates the generalizability of the trained model when segmenting images with varying characteristics, given the ground truth.



The complexity of the marine underwater environment and the uncertainty of image clarity require segmentation models to be capable of handling variable and blurry images. While existing models have demonstrated good performance, there remains significant potential for improvement. Future research will primarily focus on optimizing the feature pyramid, particularly in the design and implementation of the feature extraction module. Specifically, exploring more comprehensive and efficient dilated convolution pyramid feature extraction modules will enhance the model’s ability to capture multi-scale and blurry features. Improvements should concentrate on strengthening the correlation between features at different levels, thereby improving the model’s understanding of complex underwater scenes. Moreover, combining image enhancement techniques with convolutional networks to develop novel segmentation models will provide more effective solutions for monitoring underwater ecosystems. By incorporating advanced image enhancement methods, the quality of input images can be significantly improved, thereby boosting the accuracy of segmentation results.



Finally, future research should also aim to develop learning models with higher interpretability to ensure the transparency and comprehensibility of the decision-making process. This will not only help to increase user’s trust in the model but also drive further advancements in the field of underwater image segmentation.
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Figure 1. Network Architecture. 
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Figure 2. PAFE. 






Figure 2. PAFE.



[image: Jmse 13 00238 g002]







[image: Jmse 13 00238 g003] 





Figure 3. Fish dataset after data augmentation. 
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Figure 4. Data Comparison Chart. 
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Figure 5. Results Display. 
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Figure 6. Black Sea Spart. 
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Figure 7. Ablation Experiment III. 
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Figure 8. Presentation of Experimental Results for Deep-Sea Fish Images. 






Figure 8. Presentation of Experimental Results for Deep-Sea Fish Images.



[image: Jmse 13 00238 g008a][image: Jmse 13 00238 g008b]







[image: Jmse 13 00238 g009] 





Figure 9. Image enhancement effect. 
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Table 1. Comparison of Network Segmentation Performance.
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	F1-Score
	MIoU
	PA





	UNet [4]
	0.891
	0.923
	0.912



	PSPNet [10]
	0.879
	0.902
	0.881



	Deepv3 (VGG16) [12,33]
	0.895
	0.911
	0.900



	Deepv3+ (VGG16) [12,33]
	0.881
	0.922
	0.913



	Deepv3 (ResNet50) [12,34]
	0.895
	0.915
	0.910



	Deepv3+ (ResNet50) [12,34]
	0.897
	0.925
	0.901



	Proposed model
	0.901
	0.932
	0.921










 





Table 2. Time and Parameters.
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	Parameters
	Time





	UNet
	73.52 M
	42



	PSPNet
	60.89 M
	39



	Deepv 3 (VGG16)
	153.25 M
	53



	Deepv 3+ (VGG16)
	123.11 M
	47



	Deepv 3 (ResNet50)
	97.65 M
	43



	Deepv 3+ (ResNet50)
	83.65 M
	42



	Proposed model
	145.9 M
	56










 





Table 3. Ablation Experiment I.
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	F1
	MIoU
	Time (ms)





	Resnet50 [34]
	0.830
	0.841
	46



	Resnet50 + XA
	0.885
	0.875
	45



	Resnet50 + XA + PAFE
	0.922
	0.928
	54










 





Table 4. Ablation Experiment II.
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	F1
	MIoU
	Time (ms)





	1 × 1COV
	0.922
	0.922
	46



	FC
	0.910
	0.908
	65



	D = 2 4 6
	0.905
	0.915
	54



	D = 2 4 5
	0.924
	0.923
	55
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