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Abstract: Skin segmentation participates significantly in various biomedical applications, such as skin cancer identification and skin lesion detection. This paper presents a novel framework for segmenting the skin. The framework contains two main stages: The first stage is for removing different types of noises from the dermoscopic images, such as hair, speckle, and impulse noise, and the second stage is for segmentation of the dermoscopic images using an attention residual U-shaped Network (U-Net). The framework uses variational Autoencoders (VAEs) for removing the hair noises, the Generative Adversarial Denoising Network (DGAN-Net), the Denoising U-shaped U-Net (D-U-NET), and Batch Renormalization U-Net (Br-U-NET) for removing the speckle noise, and the Laplacian Vector Median Filter (MLVMF) for removing the impulse noise. In the second main stage, the residual attention u-net was used for segmentation. The framework achieves (35.11, 31.26, 27.01, and 26.16), (36.34, 33.23, 31.32, and 28.65), and (36.33, 32.21, 28.54, and 27.11) for removing hair, speckle, and impulse noise, respectively, based on Peak Signal Noise Ratio (PSNR) at the level of (0.1, 0.25, 0.5, and 0.75) of noise. The framework also achieves an accuracy of nearly 94.26 in the dice score in the process of segmentation before removing noise and 95.22 after removing different types of noise. The experiments have shown the efficiency of the used model in removing noise according to the structural similarity index measure (SSIM) and PSNR and in the segmentation process as well.
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1  Introduction

Medical image segmentation is one of the most critical fields in computer vision. Segmentation means dividing the images into disjointed parts to simplify the processes of analysis, diagnosis, and examination [1–3]. Medical images can be used to treat different organ tumors, such as brain, breast, liver, cardiac tumors, etc. Early detection of tumors is critical for clinicians in the examination and treatment of patients [4]. There are many types of medical images, such as magnetic resonance imaging (MRI), computed tomography (CT), positron emission tomography (PET), mammography, and dermoscopic, which can effectively participate in the process of segmentation and detection [5].

Skin lesion segmentation is one of the most critical types of segmentation. Lesions can be effectively segmented to aid in the detection of melanoma. Melanoma, the most common type of skin cancer, can occur on normal skin without warning or develop on a preexisting lesion. Therefore, lesions must be carefully monitored to avoid harmful consequences. The segmentation of the skin lesion images can aid in melanoma examination and diagnosis. The rate of skin cancer is extremely high worldwide for both males and females. Skin lesions are one of the most common causes of death worldwide for both males and females. Malignant melanoma is among the worst and most deadly cancers. Early melanoma segmentation and detection contribute significantly to treatment and reduce the high risk of skin cancer [6]. Recently, several frameworks based on deep learning architectures have presented several methods for segmenting skin medical images, including Convolutional Neural Networks (CNN), Fully Convolution Networks (FCN), Generative Adversarial Networks (GAN), U-shaped Networks (U-Net), and other [7–9]. Meta-heuristics also introduce significant methods in the segmentation process [10,11].

Removing the noise from medical images, such as skin images, can participate in the process of enhancing the results of segmentation. The noise in skin images that occurs during picture capture, transmission, and compression is known as noise. The noise is produced due to signal fluctuations or faulty imaging equipment utilized during the image capture process. This noise can negatively affect the quality of the image. Different types of noises can negatively affect the processing and segmentation of skin images, such as impulse noise, speckle noise, and hair noise [12,13]. Preprocessing removes different types of noise from the skin images [14]. The process of removing the noise leads to increased accuracy in segmentation.

The contributions of this paper can be summarized as follows:

1.    The framework is the first framework that can eliminate three types of noise at the same time.

2.    The framework enhances the accuracy of different types of U-Net architecture after removing different types of noise.

3.    The framework has achieved better accuracy than the other framework for segmentation of the skin lesion and in removing different types of noise.

The rest of the paper is organized as follows: Section 2 introduces the related work, and Section 3 introduces the methodology, which describes each stage in the novel framework, such as importing the dataset, reducing different types of noise such as impulse, hair, and speckle noise, and the residual attention U-Net. Section 4 discusses the results that show the results of different sections of the framework and the comparison between the framework and another framework for removing noise or segmenting skin tumors. Section 5 introduces the discussion. Section 6’s conclusion introduces the limitations and discussion, and Section 7 introduces future work.

2  Related Work

Many large amounts of scientific research have introduced skin lesion segmentation performed with image processing methods dependent on deep learning approaches. Segmented images of skin lesions have been used in scientific research to increase classification accuracy. However, image classification, segmentation, and object recognition have all benefited from the increased attention given to deep learning (DL), especially by using U-Net. The model was developed for medical segmentation and can work with small datasets while providing high accuracy.

Ahmadi [15] has presented a modified U-Net for the segmentation of skin lesions. The authors introduced a Multi-Scale Attention U-Net for skin lesion segmentation. In particular, the author has improved the classical version of the U-Net by adding an attention gate. The attention module aggregates the multi-level representation in a non-linear manner. A Bidirectional Convolutional Long Short-Term Memory (BDC-LSTM) structure is then used to retrieve the common discriminatory characteristics and suppress the less useful ones. The model has achieved accuracy near 0.89 in dice score. The model has some limitations, such as the value of the dice score and the noisy images. Kartal et al. [16] introduced the U-Net model with some modifications to the backbone by adding a model called Efficient Net. The model uses the ISIC 2017 dataset, which contains 2750 dermoscopic images. The model has achieved a dice score near 0.889. To improve the dice score, this model requires a sequence of enhancements and preprocessing in the dataset. Abraham et al. [17] introduced a focal Tversky loss function to maximize the balance between the precision and recall value of segmentation metrics. By combining the sizes of the image stacks used as input during model training, they created an attention U-Net model. They introduced low standard deviations for balanced precision-recall scores and surpassed the baseline U-Net in dice scoring. A cascaded deep convolutional neural network-based automated procedure for segmenting and assessing psoriasis was introduced by Dash et al. [18]. For the implementation and training of segmentation and classification tasks, respectively, the modified Visual Geometry Group (VGG) and U-Net models are used. Their modified VGG model demonstrated greater performance for both binary and multiclass classification approaches, producing higher classification accuracy with fewer trainable parameters. Nisar et al. [9] used the classical variant of U-net to segment atopic eczema skin lesions. The authors have used only the limited number of images during the training process. They have achieved a validation accuracy of 85.16%. Table 1 shows the comparison between the
different architecture of U-Net in segmentation and detection of the skin tumor.
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Even though many different kinds of U-Net architectures have been made to segment different skin images, there are still some problems, such as how to remove different types of noise from the skin images and how to judge them.

3  Methodology

This section of the paper presents each step in the proposed framework, starting with removing different noises such as impulse, hair, and speckle noise, and also presents the steps of the segmentation process using the residual attention U-Net.

Steps of methodology:

Step 1: image acquisition: importing the dermoscopic images.

Step 2: Image Preprocessing: This step contains three stages.

•   Stage A: The framework uses MLVMF to remove the impulse noise.

•   Stage B: The framework uses DGAN-Net, D-U-Net, and Br-U-Net for removing the speckle noise.

•   Stage C: Removing the hair noise using

Step 3: segmentation: using residual attention for the segmentation step for the freest image from the previous step Fig. 1 and Peusdo.1 show the block diagram of the steps.
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Figure 1: Methodology block diagram
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3.1 Dermoscopic Dataset

The novel framework uses a dataset from Kaggle called PH2-resized2. The images in the dataset have been collected from dermatoscopic medical images of different populations of natural people. The dataset contains data for 200 different patients. The dataset contains two folders; the first folder is for the data images, and the second folder contains the masks for the skin images. Fig. 2 shows different images from the dataset [19].
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Figure 2: Dermoscopic images

3.2 Removing Speckle Noise

The framework uses DGAN-Net, D-U-Net, and Br-U-Net to remove speckle noise. The framework uses many modified methods to remove the speckle noise and chooses the model between them according to the noise level and the value of PSNR or SSIM.

3.2.1 Generative Adversarial Denoising Network

There are two components to this model: a generator and a discriminator. The generator is used to generate the fake skin images, and the discriminator is used to differentiate between the actual images and the fake images. The generator is regarded as a counterfeiter. A noisy picture is provided as generator input to the denoising GAN network. The discriminator determines if the image is actual or fraudulent, while the generator creates the denoised image. The 15 levels of the U-shaped generator network model. The discriminating process is carried out by the convolutional layers of the discriminator network, which has 15 layers in total. The architecture consists of two different and connected parts of the generator deep network in the upper part of the figure, which reads a noise image of 128 × 128 and generates a generated image with the same pixel. The architecture of the upper part contains a 3 × 3 convolution transpose layer, a leaky rectifier, and dropout and batch renormalization. The lower part of the image is called the discriminator deep network, which is used to differentiate between the generated image and the actual image [20,21]. The architecture was trained using an optimizer called Adamx, and the learning rate was set to 0.0005 with a batch size of 256.

3.2.2 Denoising U-shaped U-Net

The D-U-NET model is similar to the traditional U-Net model, with a few exceptions. The model contains two stages: contraction and expansion [22]. The contraction stage of the model uses the Max Pool layer to reduce the size of the original noisy image. The expansion stage works in the opposite direction and resizes the reduced image to its original size. Transpose convolution layers are also employed in our D-U-Net network in place of the upsampling layer in the network’s expansion phase. As is known, feature extraction procedures in deep learning networks involve the convolution layer. This procedure causes the skin image size to be reduced by the convolution window. The structural characteristics of the layer’s reducing picture size are recovered with little distortion thanks to the transposed convolution process, which is the opposite of the convolution process. On the other hand, the upsampling layer pairs the image to restore its original dimensions. However, when the image is reconstructed, structural deformation takes place. The architecture was trained using an optimizer called Adamx, and the learning rate was set to 0.0005 with a batch size of 256.

3.2.3 Batch Renormalization U-Net

The U-shaped model is the same as D-U-NET with a set of differences. The key distinction between Br-U-Net and D-U-Net is that batch renormalization layers have taken the place of the batch normalization layers in this network. The leaky rectifier layer employed by Br-U-Net is the other distinction between them. The internal variable shifting problem was addressed by Tian et al. by using the batch renormalization layer to conduct scroll and scale operations. The batch renormalization procedure fixes the gamma and beta parameters to values of 1 and 0, respectively. The architecture was trained using an optimizer called Adamx, and the learning rate was set to 0.0005 with batch size 256.

3.3 Removing Impulse Noise

For real-time denoising of lesion skin images tainted by “salt and pepper” impulsive noise, use the MLVMF [23–25]. The framework uses two rounds of three steps each: beginning with the identification of pixels in the first round. It can be filtered with a modified Laplacian filter to remove noise. Corrupted pixels then pass a validation test based on their locality. Finally, noisy pixels are changed using the Vector Median Filter. While the traditional Laplacian filters frequently utilize rotation steps of π/2 or π/4, the MLVMF uses a 5 × 5 window to observe the intensity variations surrounding each pixel of the image. The rotation step adjustment leads to improved noise-corrupted pixel identification. Despite this benefit, a substantial portion of the impulsive noise can cause two or more corrupted pixels (of the same intensity) to collide, making it impossible to distinguish between noise-corrupted and uncorrupted pixels. Then, using a second set of filters that are still based on the Laplacian operator but allow exclusive focus on the collision phenomenon, a second round is required. To begin, MLVMF is tested on standard photos with noise levels ranging from 3% to 30% to validate the approach used to remove impulse noise from skin lesion images.

3.4 Removing Hair Noise Using Variational Auto Encoders

The framework uses variational autoencoders to remove hair noise from skin images [26]. The architecture of VAEs contains two-part encoders and decoders that work oppositely. The decoder compresses the input data into a lower-dimensional representation vector. It reconstructs the representation vector into the original domain using the representation vector. After going through both the encoder and the decoder, the VAE searches for the weights that minimize the calculated loss between the input and output pictures during training. By allowing the encoder to develop noise-free space in the latent space and learn to disregard the noise, the variational AE may successfully be used to denoise pictures, as shown in Fig. 3.
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Figure 3: Architecture of hair removal [26]

The detailed architecture of the autoencoder model, which is used for removing the hair from the image, contains two layers. The first layer is based on three kernels (3 × 3) with flattening and rectifier activation functions and 64 filters. This part is called the encoder, and the second part is called the decoder. The decoder contains 64 filters with two Rectifier activation functions. The architecture uses two loss functions: square error and mean average error. In contrast to the input photos, the generative model produces hazy images that are unsuitable for the human visual system. This is because it builds the model using per-pixel loss [27].

The architecture was trained using an optimizer called Adamx, and the learning rate was set to 0.0005 in the first stage of training and 0.00001 in the second stage. The batch size is set to 256, while the number of epochs is 100 in the first stage of training and 50 in the second stage.

3.5 Segmentation Using Residual Attention U-Net

The framework uses the residual attention U-Net architecture to segment the skin images. This architecture has the same as the traditional U-Net but with a residual attention mechanism. The classic version of U-Net depends on the encoder and decoder parts; the encoder is used to extract features from the input skin image, while the decoder constructs the features. Skip-connections combine different-scale features from encoder and decoder parts. Residual blocks are presented in this type of network to change the initial convolutional layers and update the depth of the network [28–30]. Fig. 4 shows the spatial attention block of residual U-Net. The spatial attention block provides a lot of necessary background information since low-level characteristics lack semantic meaning. The segmentation of the target object may be complicated by this information. The augmented attention module is created to take high-level semantic information and emphasize target aspects to solve this issue. By upsampling, the decoder retrieves the position information. However, this causes location data to be lost and causes edge blurring. Skip connections are used in some existing work to combine low-level characteristics with high-level features, which helps to refresh the position details. But this approach is naive. It provides unnecessary background information since low-level characteristics lack semantic meaning. The segmentation of the target object may be complicated by this information. The augmented attention module is created to capture high-level semantic information and accentuate target aspects in to solve this issue. The framework is trained over 200 epochs with a 0.0001 learning rate and 256 batch sizes.
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Figure 4: Architecture of spatial augmented attention module [30]

3.6 Hardware and Software Specification

The numerical experiments are carried out with an Intel® Core i7-10750H CPU running at 2.60 GHz on the 10th and an NVIDIA GeForce RTX 3050Ti laptop GPU, as shown in Table 2.
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4  Results and Discussion

This section shows the results of different stages and the comparison between the method used and other available methods that accomplish the same task.

4.1 Results of Removing Noise

This section presents the results of removing different types of noise from the lesion skin images in the three different stages of the framework. All the compared models in the experiments were trained over 100 epochs with a 0.0001 learning rate, 256 batch sizes, and the Admax optimizer.

Table 3 shows the results of removing the hair noise and the comparison between the used method and the other available deep learning models. The results in the table show the efficiency of the used method compared with other available deep learning models at different levels of noise, such as 0.1, 0.25, 0.5, and 0.75 in both PSNR and SSIM values. Table 3 also shows the runtime performances of the proposed networks for removing the hair noise. The last column shows the time per epoch based on the previous hardware specification, learning rate, and optimizer. The time in the column is calculated in minutes for each epoch. The proposed model outperforms the majority of the other models in the comparison in terms of running time. The model employs a 10% validation rate, a 20% dropout rate, and a mini-batch size of 32. Fig. 5 shows the comparison chart for removing hair noise.
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Figure 5: Hair removal comparison chart

The results of removing speckle noise from lesion skin images are shown in Table 4. The paper compares the modified method with other available deep-learning models for removing speckle noise. All models were trained in 50 epochs with the Adamx optimizer at a learning rate of 0.001. The time in the table is by the minute for each epoch, and the results in the table show the efficiency of the framework methods compared with other available methods at different levels of noise according to the values of PSNR and SSIM. The three models used for removing the speckle noise use a 10% validation rate, a 20% dropout rate, a mini-batch size of 32, a sigmoid activation function, and an admax optimizer.
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Fig. 6 shows the comparison chart for removing the speckle noise. The figure contains four sections for different levels of noise, and each color refers to a different model for removing the speckle noise. The comparison shows the efficiency of the three methods compared with other deep learning models. When compared to CNN, FCN, autoencoders, and GANs with the same number of epochs and learning rate, the used method achieves high PSNR values at the level (0.1, 0.25, 0.5, and 0.7), as well as in SSIM.

[image: images]

Figure 6: PSNR comparison chart for speckle noise removal

Table 5 and Fig. 7 show the results of removing impulse noise from the skin using the used method and the other available filters. The last column in the table shows the time per epoch for each model and the three proposed models for removing the impulse noise. All deep learning models have been used in the framework using Adamx as an optimizer, the Rectifier activation function, 100 epochs.00005 as the learning rate, and 128 as the batch size. The proposed model for removing the hair noise uses a 10% validation rate, a 20% dropout rate, a mini-batch size of 32, and a sigmoid activation function.
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Figure 7: PSNR comparison chart for impulse noise removal

Fig. 7 contains four sections for different levels of noise, and each color refers to a different model in the comparison. The comparison shows the efficiency of the used method compared with other deep learning models. When compared to CNN, FCN, autoencoders, and GANs with the same number of epochs and learning rate, the used method achieves high PSNR values at the level (0.1, 0.25, 0.5, and 0.7) as well as in SSIM with the same level.

4.2 Results of Segmentation Step

This section shows the results of the segmentation of the dermoscopic images after removing the impulse, hair, and speckle noise in the previous stage of the framework.

Table 6 shows the results of the segmentation process before removing the noises, and Table 7 shows the results after removing the different types of noises. The results in the table show the efficiency of residual attention U-Net compared with other architectures of U-Net.
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The last column in Tables 6 and 7 shows the time per epoch for each model. The time in the column shows the efficiency of the running time factors and all used evaluation metrics before and after removing the noise. The time of the epoch has been calculated per minute in the same hardware specification. All deep learning models have been used in the framework using Adamx as an optimizer, the Rectifier activation function, 100 epochs.00005 as the learning rate, and 128 as the batch size. The last column in the Table 7 shows the final inference time of each image in Mille Seconds (MS). All the models for segmentation use a 10% validation rate, a 20% dropout rate, a mini-batch size of 32, and a sigmoid activation function.

Fig. 8 shows the segmented image and the predicted mask. The image shows the efficiency of the segmented image after using residual attention U-Net after removing noise in the previous stage.
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Figure 8: Original image, mask, and predicted mask using the framework

5  Discussion

According to the results of the experiments in both removing different types of noise and in the segmentation process, it seems clear that the efficiency of the proposed hybrid framework is evident at different stages of the model. The proposed hybrid framework has achieved an accuracy of nearly 94.26 in the dice score in the process of segmentation before removing noise and 95.22 after removing different types of noise using Attention residual U-Net. According to PSNR and SSIM values at noise levels of 0.1, 0.25, 0.5, and 0.6, the framework outperformed the other types in removing different types of noise. The results also show high values of PSNR and SSIM for the models used for different types of noise. The experiments have also shown the efficiency of the used model when compared with other available models.

6  Conclusion

Segmentation of skin lesion tumors is one of the most vital tasks for dermatologists. Segmentation helps dermatologists detect the tumor in its early stages. This paper has presented a novel framework for the segmentation of skin tumors after removing the main types of noise, such as impulse, hair, and speckle. The framework has presented two stages: the first stage is for removing noise, and the second stage is for segmenting the free images after removing the noise. The framework uses a variational autoencoder for removing the hair noises, DGAN-Net, D-U-NET, and Br-U-NET for removing the speckle noise; and the Laplacian Vector Median Filter MLVMF for removing the impulse noise. Using residual attention U-Net, the framework achieved efficient results in both noise removal and segmentation processes. The experiments done in the paper show the efficiency of the used models compared to other available models in removing different types of noise based on PSNR values and also show the efficiency of the segmentation process when compared with other available models. Although the paper is significant in terms of noise removal and segmentation, it does have some limitations, including the computational time required when dealing with high-resolution images and the inability to deal with different types of noise.

7  Future Work

In the future, such as enhancing the detection of new skin tumor lesions, particularly in the presence of such challenging lesions. This might involve, for instance, bringing into the system each rater’s unique delineations. To address the data scarcity and class imbalance issues encountered in this work, transfer learning from a similar lesion segmentation task with a larger dataset was used to improve the segmentation and detection processes. In the future, the smoothing function and different evaluation metrics will also be taken into consideration.
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Table 1: Segmentation and detection of skin using U-net

Reference DL model Task Advantages Disadvantages
[15] modified U-Net = Segmentation Types of images in Lack of
dataset preprocessing
[16] U-Net Segmentation and Efficient learning Noisy images
detection process
[17] U-Net segmentation and Loss function Noisy images
augmentation
[18] U-Net and VGG Segmentation greater performance for Accuracy and
both binary and noisy images
multiclass classification
[9] U-Net Segmentation of atopic  Simple architecture of  Accuracy and

eczema skin lesions the model limited images
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Table 3: Removing hair noise methods

Method name PSNR SSIM Time elapsed
per epoch

0.1 0.25 0.5 0.75 0.1 0.25 0.5 0.75

Original mage 16.25 14.17 1231 11.41 62.34% 56.38% 54.03% 52.84%

CNN [31] 26.34 21.34 17.22 1541 79.31% 75.66% 70.31% 64.21% 26.2

FCN [32] 27.21 2424 21.33 18.31 84.36% 79.31% 77.43% 69.31% 23.1

Auto encoder [33] 27.31 23.64 21.35 19.39 84.31% 77.34% 76.97% 69.39% 24.3

GANSs [34] 28.45 26.34 24.10 20.89 86.12% 82.41% 76.31% 73.16% 24.34

The used method 35.11 31.26 27.101 26.16 90.11% 86.90% 81.67% 78.12% 24
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Table 6: Comparison between different methods of segmentation before reducing different types of
noise

Model Dice score Accuracy Precision  Recall Time per epoch
Attention gate U-Net [35] 93.11 93.18 92.11 91.11 24.56
U-Net [14] 91.87 91.81 91.61 91.25 24.69
U-Net++ [36] 91.11 91.09 91.18 91.19 26.31
Attention U-Net++ [37] 91.12 91.15 91.21 91.21 27.44
CNN [31] 88.23 88.11 87.21 88.23 24.87
FCN [32] 89.91 89.44 89.43 89.23 24.71

Residual Attention U-Net 94.26 94.11 94.02 94.11 23.19
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Table 4: Removing speckle noise methods

Method name PSNR SSIM Time elapsed
per epoch

0.1 0.25 0.5 0.75 0.1 0.25 0.5 0.75

Original skin 1545 1234 11.43 10.99 66.22% 54.32% 44.65% 38.21%

image

U-Net [14] 2523 23.21 21.76 18.43 81.21% 77.53% 72.12% 65.44% 23.55

FCN [31] 2221 20.76 16.43 15.61 84.22% 78.32% 69.39% 64.21% 22.54

CNN [32] 2645 23.54 21.76 18.32 83.21% 80.01% 76.21% 68.21% 22.4

Auto encoder [33] 2443 21.19 18.77 16.93 80.33% 77.76% 69.59% 63.44% 11.4

Br-U-NET 35.32 31.34 29.56 25.88 91.21% 89.73% 87.31% 84.21% 25.3

D-U-NET 36.34 33.23 31.32 28.65 92.32% 90.21% 88.54% 85.54% 26.21

DGAN-Net 34.32 33.21 31.54 29.22 90.21% 90.13% 89.21 86.21 25.3
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Pseudocode 1: Pseudocode of the framework

Input: dermoscopic images Output: segmented image

- Importing the dermoscopic images

- Insert the dermoscopic image of the patient

- Uses MLVMF for removing the impulse noise.

- Reduce speckle noise with different modified methods

- Removing the hair noise using variational autoencoder for removing the hair noises

- Compile Residual attention U-Net after removing different types of noises from the dataset images
- Segmentation process for the patient image

- Output the segmented image
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Table 7: Comparison between different methods of segmentation after reducing different types of noise

Model Dice score Accuracy Precision Recall Time per Inference time per
epoch images in ms

Attention gate U-Net [33] 93.21 93.51 93.16 9231 243 86

U-Net [12] 92.31 92.33 92.12 92.03  24.65 87.3

U-Net++ [34] 91.93 91.81 92.01 9239  26.21 88

Attention U-Net++ [35]  92.01 91.49 91.88 91.48 2743 89

CNN [29] 91.21 91.65 91.03 91.26  24.87 88.3

FCN [30] 91.86 91.36 91.61 91.73  24.65 88.44

Residual Attention U-Net 95.22 94.19 94.12 94.61 23.1 83
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Table 2: Hardware and software specification

Item

Content

Central processing unit (CPU)
Graphical processing unit (GPU)
Random access memory (RAM)
Operating system

Programming language

Deep learning library

Intel Core 17-10750H CPU running at 2.60 GHz
NVIDIA GeForce RTX 3050Ti laptop GPU
128 GB

Windows 10

Python

Tensorflow
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Table 5: Removing impulse noise methods

Method name PSNR SSIM Time elapsed
per epoch
0.1 0.25 0.5 0.75 0.1 0.25 0.5 0.75

Original mage 16.41 13.21 11.34 10.09 61.21% 57.21% 51.21% 50.21%

CNN [31] 2443 19.64 1535 1345 77.36% 74.21% 69.19% 57.24% 22.2

FCN [32] 26.14 23.12 19.26 1748 81.42% 77.33% 75.12% 66.21% 24.1

Auto encoder [33] 26.12 23.52 20.31 1841 82.31% 77.96% 75.21% 67.14% 23.1

GANSs [34] 28.23 26.23 23.45 21.09 85.41% 83.91% 74.21% 73.21% 24.56

The used method 36.33 32.21 28.54 27.11 91.21% 88.32% 82.21% 79.21% 23.12
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