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Abstract: Brain magnetic resonance images (MRI) are used to diagnose the different diseases of the brain, such as swelling and tumor detection. The quality of the brain MR images is degraded by different noises, usually salt & pepper and Gaussian noises, which are added to the MR images during the acquisition process. In the presence of these noises, medical experts are facing problems in diagnosing diseases from noisy brain MR images. Therefore, we have proposed a de-noising method by mixing concatenation, and residual deep learning techniques called the MCR de-noising method. Our proposed MCR method is to eliminate salt & pepper and gaussian noises as much as possible from the brain MRI images. The MCR method has been trained and tested on the noise quantity levels 2% to 20% for both salt & pepper and gaussian noise. The experiments have been done on publically available brain MRI image datasets, which can easily be accessible in the experiments and result section. The Structure Similarity Index Measure (SSIM) and Peak Signal-to-Noise Ratio (PSNR) calculate the similarity score between the denoised images by the proposed MCR method and the original clean images. Also, the Mean Squared Error (MSE) measures the error or difference between generated denoised and the original images. The proposed MCR de-noising method has a 0.9763 SSIM score, 84.3182 PSNR, and 0.0004 MSE for salt & pepper noise; similarly, 0.7402 SSIM score, 72.7601 PSNR, and 0.0041 MSE for Gaussian noise at the highest level of 20% noise. In the end, we have compared the MCR method with the state-of-the-art de-noising filters such as median and wiener de-noising filters.
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1  Introduction

The brain magnetic resonance imaging (MRI) technique has much importance in diagnosing brain diseases such as bleeding, swelling, problems with the way the brain develops, tumors, infections, inflammation, damage from an injury or a stroke, and problems with the blood vessels [1]. However, the quality of brain MR images has often been disturbed and degraded by the salt & pepper and Gaussian noises due to the limitation of hardware technology during acquisition. For example, in Fig. 1, we can see that the quality of the original brain MR image is badly affected by the salt & pepper and Gaussian noises; therefore, the accuracy of the diagnosis process of brain diseases is also affected. Hence the de-noising process is a vital and challenging task for the correct analysis of the MR brain images for the diagnostic process.
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Figure 1: The first image is the original clean brain MR image without any noise, the second MR image has been corrupted by the salt & pepper noise, and the third image is disturbed by the gaussian noise

In the last decades, four main types of different de-noising methods have been proposed to remove noises from MR images for analysis purposes. These de-noising techniques are based on (i) partial differential equations [2], (ii) domain transformation [3], (iii) non-local means techniques [3], and (iv) Convolutional Neural Networks [4].

The de-noising methods of MR images based on partial differential equations use anisotropic filters and Gaussian filters to remove noise from MR images [5], but it gives the wrong approximation of signal-to-noise ratio (SNR) images; therefore Gaussian de-noising method is replaced by the Rician de-noising method for improvement purposes [6]. The de-noising method is based on the fourth-order differential equations proposed in [7]. In image processing and computer vision, the non-linear diffusion filters are used to clean noisy images; therefore, these filters are used in [8] to clean MR images. Also, noise-driven diffusion filters denoise MR images by minimizing the mean squared error [9], and further improvements have been made in [10].

The de-noising methods based on domain transformation, the wavelet transform (WT), and discrete cosine transformation (DCT) techniques are used to clean MR images from noise. The routine wavelet packets are used to unperturbed the MR images in [11]. The filters are based on wavelet transformation to denoise MR images [12]. The wavelet filters have been boosted during the cleaning process of images by using the various threshold techniques in [13].

In non-local mean (NLM) de-noising techniques, the NLM filters are implemented in the noise removal process from brain MR images [14]. The NLM filtering methods of MR images have been used NLM filters to reduce the redundant information which causes the noise in images [15–21]. For 3-D MR images, optimized NLM filters try to denoise the images [16]. In method [19], the adaptive non-local means filters are used to de-noising MR images.

Many use deep learning algorithms, especially Convolutional Neural Networks (CNNs), for medical image de-noising, segmentation, super-resolution, and de-hazing [22–25]. A fast CNN-based de-noising method of MR images called FFD-Net is introduced in [25], trained for mapping noisy MR images into clean images. Another method based on CNN, called DMIR (de-noising MRI), has been used as an encoder-decoder structure to separate the noise and essential features of the noisy images and then reconstruct new images without perturbation [4].

The above-described de-noising methods of MR images have gained convincing success. However, they still have some gaps, such as the dependency on the cognition of experts, much prior knowledge is required to reconstruct images without noise, not applicable in the application yet, and mainly not performed well when the noise level in the images increases shown in Fig. 1.

This paper proposes a novel method to denoise brain MR images, followed by the fourth type of de-noising method based on deep learning algorithms like CNNs. In addition, we have proposed a de-noising method by mixing concatenation and residual learning (MCR) techniques to remove noise from brain MR images for further processing, such as brain disease diagnostic or classification. The remaining work is organized as follows; Section 2 consists of two state-of-the-art de-noising filters, median and Wiener filters, compared with our proposed MCR learning de-noising method for salt & pepper and Gaussian noises. Section 3 describes the salt & pepper and Gaussian noise, which often severely affect the quality of the brain MR images. Section 4 presents and explains the proposed MCR learning de-noising method. Section 5 comprises results and discussions, and Section 6 concludes the work.

The contribution of our work is summarized as follows:

•   We mix the two types of deep learning techniques such as concatenation and residual learning to develop a robust de-noising method to clean brain MR images from salt & pepper and gaussian noises.

•   We have leveraged concatenation and residual learning to develop a deep learning-based MCR method for de-noising brain MR images.

•   Our proposed MCR method is trained for removing salt & pepper and gaussian noises from noisy brain MR images at different quantity levels of noise from 1 to 20%.

•   We have also developed the median and Wiener filters for de-noising MR images and compared the results with our proposed MCR de-noising learning method available at https://drive.google.com/drive/folders/1mMnY0Pua8aDi_jCvjYhjlFFwWaB_ZTO6?usp=sharing.

2  Image Denoising Techniques

We have already described many de-noising methods for MR images which are based on partial differential equations [5], domain transformation [26], non-local means techniques [2,3], and Convolutional Neural Networks [4]. However, this section describes the two state-of-the-art image de-noising filters called median and Wiener filters and then applies these filters to noisy MR images to denoise. Finally, we have compared the resultant de-noising images of these filters with de-noising images by our proposed MCR de-noising methods in both qualitative and quantitative ways.

2.1 Median Filter

Many non-linear filters have developed in the last years, and the median is an example of a non-linear filter. The median filter is the most commonly used non-linear filter, also called spatial domain and order statistics. It is used to remove noise from MR images by smoothing successfully. The median filter works in two steps; (1) arrange all pixel intensity values in ascending order and (2) take median pixel values and replace the central value with this median value [27]. The median filter can be represented by the following relation given as under:


f∧(x,y)=Median({g(s,t)})where(s,t)εSxy
(1)

where 
Sxy
is a rectangular sub-area of MR image window whose center is at 
(x,y)
. The median filter determines the median of the noisy MR images 
g(x,y)
beneath the sub-area 
Sxy
and 
f∧(x,y)
shows the restored denoised brain MR images.

2.2 Wiener Filter

The Wiener filter belongs to frequency domain filters and uses a statistical method point spread function (PSF) to remove the noises from MR brain images [28]. It reverses the blurring by deconvolution with a high pass inverse filter. Let 
f
is the original MR brain image, 
n
is the noise, 
g
is the wiener filter response, then the output denoised image after applying the wiener filter is given by the relation as under:


f∧=g+(f+n)
(2)

The Wiener filter is a mean squared error (MSE) based optimization filter for removing additive noises and blurring from the images; in this case, the images are brain MR images.

3  Noises in Brain MR Images

The MR images have contaminated noise due to image acquisition and transmission errors. The salt & pepper and Gaussian noise are prevalent noises that usually distort MR images, and these noises badly affect the quality of images. In addition, the lousy quality of MR images reduces the performance of various image analysis tasks such as features extraction, classification, and detection of diseases; therefore, it is required to remove the noises from the images to do these tasks successfully [29].

3.1 Salt and Pepper Noise

Salt & pepper noise is also called impulse noise, and this noise spreads the white pixels like salt and black pixels like pepper in the MR images to degrade the quality of images. The following relation gives the probability distribution function of salt & pepper (impulse noise) noise:


P(z)={Paforz=aPbforz=b0
(3)

When the intensity value 
b
is more than 
a
then the white dot is present in the image, and if 
b
is small, the dark dot will appear.

3.2 Gaussian Noise

It is also called Gaussian distribution because this noise represents the normal distribution equation, and the gaussian noise values are taken from the Gaussian probability distribution function (PDF). For example, the Gaussian noise is added in MR brain images in the presence of low light, high temperature, and transmission during the image acquisition process. The PDF of Gaussian noise is shown in Eq. (4):


P(z)=12πσe(z−w)22σ2−∞≤z≥∞
(4)

where 
z
is the pixel intensity, 
w
is the mean value of 
z
with its standard deviation, and the square of the standard deviation 
σ2
represents the variance of 
z
.

4  Proposed Denoising MCR Learning Method

The operational flowchart and layers architecture of our de-noising proposed MCR learning method based on concatenation and residual learning for removing salt & pepper and gaussian noise from brain MR images are shown in Fig. 2 and Tab. 1.
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Figure 2: Removing the salt & pepper and Gaussian noises from brain MR images by the proposed MCR Learning de-noising method based on concatenation and residual learning techniques
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Concatenation learning is the first popular deep learning technique that learns the complex architecture in many network branches of layers shown in Fig. 2. In concatenation learning, the network layers of the proposed MCR method are processed in parallel order instead of sequential order. The core concept of concatenation learning is to combine all the fundamental processing layers (usually placed in sequential order in convolutional neural networks) in parallel and concatenate their output feature maps at the same level of the encoder and decoder part. The excellent concept of this learning technique is that multiple learning layers can bestacked together to create a single much deep network without worrying about each layer’s design at the different stages of the model. Since a ReLU non-linearity function follows all the convolution layers in the concatenation learning architecture, which further increases the efficiency of the network by adding non-linear relationships, these enhanced and concatenated features are combined to get a more helpful representation [30].

The essential aspects of residual learning are identity skip connections in the residual learning layers, allowing very deep CNN architectures to train quickly. For an input 
x
, the weighted layers develop a transformation function on the input 
x
, represented by 
F(x)
. In residual learning blocks, the initial input 
x
is added to the transformed function 
F(x)
by using a direct connection from the input 
x
, which bypasses the transformation layers, and that connection is named the skip identity connection. In this way, residual learning blocks’ transformation function is into an identity term and a residual term, which helps focus on transforming the residue feature maps. Residual learning achieves stable learning of intense learning models in practice. The reason is that the residual feature mapping is often much more straightforward than the unreferenced mapping learned in conventional deep learning [31].

The proposed de-noising MCR (Mixed Concatenation and Residual Learning) method architecture combines the strengths of concatenation and residual deep learning techniques, as shown in Fig. 2 and Tab. 1. Specifically, it uses skip connections proposed for residual learning and combines them with the multi-branch layers in concatenation learning. Finally, it transforms the input feature maps and merges the resulting outputs before feed-forwarding the output activations to the next learning layer. Let us suppose that 
x
is the clean MR image, 
n
is the salt & pepper or Gaussian noise, and 
y
is the noisy image such that


n:y=x+n
(5)

In this scenario, we have to recover 
x
by optimizing a parametric function 
F(.;Θ)
by solving the following relation as under:


x∧=F(y;Θ)
(6)

where 
x∧
is the de-noising version of the original clean image 
x
, 
y
is the noisy image, and 
Θ
represents the trainable parameters (weights, biases). The noisy image 
y
is much like with clean image 
x
structure-wise but different due to noise; therefore, 
F(.)
preserves the structure of the noisy image and removes the noise. Suppose that we have a parametric function 
H(.;Θ)
such that 
H(.;Θ)≈−n
. Therefore, the proposed de-noising parametric MCR learning model based on concatenation and residual learning is given as under:


F(y;Θ)=H(.;Θ)+y
(7)

where 
Θ
is a set of trainable parameters of the MCR learning method, we approximate these trainable parameters by optimizing the following relation:


Θ∗=arg⁡minΘ1N∑iN⁡L(F(yi;Θ),xi)
(8)

where 
L(.)
is the loss function, 
{(yi,xi)}
is the training dataset, and the MCR method maps noisy image 
yi
degraded by salt & pepper or Gaussian noise to clean the image 
xi
. The de-noising loss 
L(.)
of the proposed MCR de-noising learning method is shown in Figs. 3 and 4.
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Figure 3: The de-noising loss of the proposed MCR learning method for cleaning salt & pepper noise from brain MR images
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Figure 4: The de-noising loss of the proposed MCR learning method for cleaning Gaussian noise from brain MR images

We have described the whole layer structure of our proposed de-noising MCR learning method in Tab. 1, which consists of two parts, encoder and decoder, based on mixed concatenation and residual learning concepts to recover noisy brain MR images. On the encoder and decoder side, de-noising blocks consist of three convolutional layers followed by a dropout layer at each level. On the encoder side, we have used stride 
two
and padding 
same
in the third convolution layer of de-noising blocks by decreasing the size of the dimension of the input image by half. The convolution layer with stride 
two
and padding 
same
is a modern way to half the dimension of the image instead of using the max-pooling layer. The ReLU() activation function adds non-linearity in this encoder and decoder MCR method. When we downsample the dimension at each level at the encoder side, we also double the feature maps or number of filters to decrease the loss of information due to reducing the size of feature maps after downsampling.

The upsampling process is done at each level using the transpose convolution layer on the decoder side. The residual and concatenation learning layers are used immediately after the transpose convolution layer, adding and concatenating the feature maps of corresponding layers of the encoder and decoder. After the residual and concatenation learning layers on the decoder side, the decoding de-noising blocks of three convolution layers with stride 
one
and padding 
same
are used, maintaining the structure and removing the noise from decoded brain MR images. The non-linearity adds to the decoder layers by using ReLU() activation function. In contrast to the encoder, the dimension of feature maps is double and half the number of feature maps in the decoder. Therefore output layer has a dimension of 128 × 128 × 3, which is our required clean de-noisy image, and the structure of the proposed MCR learning method has been completed.

5  Experimental Results and Discussions

In this work, we have implemented three de-noising methods; the proposed MCR de-noising learning method, median filter, and wiener filter in python-based libraries to de-noise brain MR images, and these three methods are tested on two types of noise salt & pepper and gaussian noises on the two publically datasets available at https://www.kaggle.com/datasets/navoneel/brain-mri-images-for-brain-tumor-detection and https://www.kaggle.com/datasets/sartajbhuvaji/brain-tumor-classification-mri. The following subsections describe experimental results and discussions.

5.1 Evaluation Metrics

The three evaluation metrics have been used to measure the effectiveness of the proposed MCR method, median filter and wiener filter. These three evaluation metrics are similarity index measure (SSIM), the peak signal-to-noise ratio (PSNR) for checking similarity between de-noised and original images, and mean squared error (MSE) reports the difference or error between de-noised and original images. These are given as under:


SSIM(x,x∧)=(2μxμx∧+C1)(2σxσx∧+C2)(μx2+μx∧2+C1)(σx2+σx∧2+C2)
(9)

where 
μx
and 
μx∧
compare the Luminance, 
σx2
and 
σx∧2
measures the contrast, and 
σxσx∧σx2+σx∧2
shows the structural similarity of images 
x
and 
x∧
, respectively.


PSNR=10log10(L−1)2MSE
(10)


MSE=1mn∑i=0m−1⁡∑j=0n−1⁡(x(i,j)−x(i,j)∧)2
(11)

Here L shows the maximum values of pixels in an image (in the case of an image, the number of intensity levels is 256, ranging from (0–255), m and n represent rows and columns in the image matrix, respectively, 
x(i,j)
and 
x(i,j)∧
are the corresponding intensity value of the original and de-noised MR image by the proposed MCR learning method, median filter and wiener filter.

5.2 Qualitative Analysis

We can quickly analyze the quality of de-noised images using the proposed MCR learning de-noising method, median filter and Wiener filter from Figs. 5A–5C to 10A–10C.
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Figure 5 (A–C): Median filter (salt & pepper noise). (A) Noise-level = 10%, PSNR = 63.61, SSIM = 0.405, MSE = 0.0386, (B) Noise-level = 16%, PSNR = 63.58, SSIM = 0.4003, MSE = 0.0388, (C) Noise-level = 20%, PSNR = 63.55, SSIM = 0.3961, MSE = 0.039
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Figure 6 (A–C): Median filter (gaussian noise). (A) Noise-level = 10%, PSNR = 63.39, SSIM = 0.2398, MSE = 0.0356, (B) Noise-level = 16%, PSNR = 63.13, SSIM = 0.2115, MSE = 0.0368, (C) Noise-level = 20%, PSNR = 62.98, SSIM = 0.1979, MSE = 0.0377
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Figure 7 (A–C): Wiener filter (salt & pepper noise). (A) Noise-level =10%, PSNR = 67.39, SSIM = 0.7296, MSE = 0.0118, (B) Noise-level = 16%, PSNR = 66.11, SSIM = 0.666, MSE = 0.0159, (C) Noise-level = 20%, PSNR = 65.40, SSIM = 0.6304, MSE = 0.0187

[image: images]

Figure 8 (A–C): Wiener filter (gaussian noise). (A) Noise-level = 10%, PSNR = 65.60, SSIM = 0.6406, MSE = 0.0179, (B) Noise-level = 16%, PSNR = 64.34, SSIM = 0.5754, MSE = 0.0239, (C) Noise-level = 20%,PSNR = 63.75, SSIM = 0.5431, MSE = 0.0274

[image: images]

Figure 9 (A–C): Proposed MCR learning method (salt & pepper noise). (A) Noise-level = 10%, PSNR = 85.22, SSIM = 0.9838, MSE = 0.0003, (B) Noise-level = 16%, PSNR = 84.84, SSIM = 0.9799, MSE = 0.0003, (C) Noise-level = 20%, PSNR = 84.31, SSIM = 0.9763, MSE = 0.0004

[image: images]

Figure 10 (A–C): Proposed MCR learning method (gaussian noise). (A) Noise-level = 10%,PSNR = 72.25, SSIM = 0.6893, MSE = 0.0044, (B) Noise-level = 16%, PSNR = 72.79, SSIM = 0.7319, MSE = 0.0041, (C) Noise-level = 20%, PSNR = 72.63, SSIM = 0.7383, MSE = 0.0043

In Figs. 5A–5C, we have used a median filter to rebuild the quality of brain MR images which is better than the Wiener filter but not good as the proposed MCR learning de-noising method as shown in Figs. 9A–9C.

When we analyze Figs. 6A–6C, where noise quantity levels are 10%, 16%, and 20%, the median filter does not de-noise the images corrupted by the Gaussian noise to regain the quality and structure. However, it is seen that the performance of the median filter is terrible on the Gaussian noise. Therefore our proposed MCR method gives good quality to denoised images with Gaussian noise, as shown in Figs. 10A–10C.

In Figs. 7A–7C, the Wiener filter is applied, one of the frequency domain filters, to remove salt & pepper noise from the images, but when we compare original and de-noised images, the Wiener filter is not much successful for de-noising as the MCR method in Figs. 9A–9C. Therefore, we do not recommend using a wiener filter for removing the salt & pepper noise from the brain MR images.

In Figs. 8A–8C, the Wiener filter enhances the image quality to remove Gaussian noise from the images, but the Wiener filter cannot restore the quality of brain MR images as the MCR method in Figs. 9A–9C. Therefore, the wiener filter is not an excellent choice for removing the Gaussian noise from the brain MR images for diagnosis purposes of diseases.

The qualitative results of our proposed de-noising MCR learning method to eliminate the salt & pepper noise from the brain MR images are shown in Figs. 9A–9C. In Figs. 9A–9C, it can be seen that we have successfully removed the salt & pepper noise from the images. However, the quality of de-noised images by the MCR method is much better than both the filters median and Wiener and the diagnosis process is much easy for neurologists.

After applying the MCR learning method to Gaussian corrupted brain images, the images’ quality is better than median and Wiener filters, as shown in Figs. 10A–10C. However, when comparing original and denoised images by the MCR method, the de-noised images are almost similar to the original clean images. Therefore, our MCR learning method’s qualitative results on Gaussian noisy images are better than median and Wiener filters.

5.3 Quantitative Analysis

In Tab. 2 and Fig. 11 the quantitative results of the MCR de-noising method on the salt & pepper and Gaussian noises in the brain MR images are described in terms of SSIM and PSNR to measure similarity between the de-noised and original images; also, MSE measures the difference between de-noised and clean images. The experiments have been done on different noise quantity levels of salt & pepper and gaussian noise from 2% to 20%.
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Figure 11: The PSNR, SSIM, and MSE between the clean original and de-noised images by the MCR de-noised method, median filter, and wiener filter for salt & pepper noise in rows 1, 2, and 3, respectively

The quantitative results of PSNR, SSIM, and MSE of the MCR de-noising learning method are better than median and Wiener filters while removing the salt & pepper noise from the brain MR images. The best values are in red, described in Tab. 2 and Fig. 11.

Tab. 3 and Fig. 12 have presented PSNR, SSIM, and MSE metrics values of the proposed MCR de-noising learning method, median filter, and wiener filter on Gaussian noise levels from 2% to 20%. The best values are in red. The MCR method gives better results than median and Weiner filters quantitatively, described and shown in Tab. 3 and Fig. 12, respectively.

[image: images]

[image: images]

Figure 12: The PSNR, SSIM, and MSE between the clean original and de-noised images by the MCR de-noised method, median filter, and wiener filter for Gaussian noise in rows 1, 2, and 3, respectively

6  Conclusion

This work has developed a de-noising method for brain MR images by mixing two popular deep learning techniques: concatenation and residual learning (MCR). The proposed MCR learning de-noising method successfully cleans the brain images from salt & pepper and Gaussian noise of quantity levels from 2% to 20%. We have used SSIM (Structure Similarity Index), PSNR (Peak Signal-to-Noise Ration), and MSE (Mean Squared Error) to measure the performance of the proposed MCR method. In addition, we have compared our proposed MCR method with two start-of-the-art de-noising filters, median, and Wiener, on salt & pepper and Gaussian noise, both qualitatively and quantitatively in Figs. 9 and 10, and Tabs. 2 and 3. These two types of analysis prove that the MCR de-noising technique is much better than the median and Wiener filters for de-noising the brain MR images for further processing, such as the diagnosis process of brain diseases like bleeding, swelling, tumors, and infections.
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Appendix A. Examples of Denoising Brain MRI Images by Using the MCR Method

Some visual results of the proposed MCR denoising method are represented in Figs. 13 and 14 for removing salt&pepper and Gaussian noises from brain MR images, respectively.
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Figure 13: The first row shows the original clean brain MR images, the second row shows the salt & pepper noisy images, and the third row represents the denoised images using the proposed MCR de-noised learning method
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Figure 14: The first row shows the original clean brain MR images, the second row shows the noisy Gaussian images, and the third row represents the denoised images using the proposed MCR method
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Table 1: Structure of the proposed MCR learning method removing noises from the brain MR 1mages

Encoder

Decoder

Inputs = Input (shape = [128,128,3])

X =inputs // 128 x 128 x 3

C1 = Conv2D (32, (3, 3), 1, same, relu) (X)

C1 = Conv2D(32, (3, 3), 1, same, relu) (C1)
C1 = Conv2D (32, (3, 3), 2, same, relu) (C1)
C1 = Dropout (0.2) (C1) // 64 x 64 x 32

C2 = Conv2D (64, (3, 3), 1, same, relu) (C1)
C2 = Conv2D (64, (3, 3), 1, same, relu) (C2)
C2 = Conv2D (64, (3, 3), 2, same, relu) (C2)
C2 = Dropout(0.2) (C2) // 32 x 32 x 64

C3 = Conv2D (128, (3, 3), 1, same, relu) (C2)
C3 = Conv2D (128, (3, 3), 1, same, relu) (C3)
C3 = Conv2D (128, (3, 3), 2, same, relu) (C3)
C3 = Dropout(0.2) (C3) // 16 x 16 x 128

C4 = Conv2D (256, (3, 3), 1, same, relu) (C3)
C4 = Conv2D (256, (3, 3), 1, same, relu) (C4)
C4 = Conv2D (256, (3, 3), 2, same, relu) (C4)
C4 = Dropout(0.2) (C4) // 16 x 16 x 256

C5 = Conv2D (512, (3, 3), 1, same, relu) (C4)
C5 = Conv2D (512, (3, 3), 1, same, relu) (C5)
C5 = Conv2D (512, (3, 3), 2, same, relu) (C5)
C5 = Dropout (0.2) (C5) // 4 x 4 x 512

C6 = Conv2D (1024, (3, 3), 1, same, relu) (C5)
C6 = Conv2D (1024, (3, 3), 1, same, relu) (C6)
C6 = Conv2D (1024, (3, 3), 2, same, relu) (C6)
C6 = Dropout (0.2) (C6) // 2 x 2 x 1024

U1 = Conv2DTranspose (512,(3, 3),2, same,relu) (C6)

Ul = Add ([U1, C5]) // residual learnig

U1 = Concatenate (U1, C5]) // concatenation
learning

Ul = Conv2D (1024,(3, 3),1,same,relu) (U1)

Ul = Conv2D (1024,(3, 3),1,same,relu) (U1)

Ul = Conv2D(1024,(3, 3),1,same,relu) (U1)

Ul = Dropout (0.2) (U1) /4 x 4 x 1024

U2 = Conv2DTranspose (256,(3, 3),2,same,relu) (U1)
U2 = Add ([U2, C4]) // residual learnig

U2 = Concatenate (U2, C4]) // concatenation
learning

U2 = Conv2D (512,(3, 3),1,same,relu) (U2)

U2 = Conv2D (512,(3, 3),1,same,relu) (U2)

U2 = Conv2D (512,(3, 3),1,same,relu) (U2)

U2 = Dropout (0.2)(U2) // 8 x 8 x 512

U3 = Conv2DTranspose (128,(3, 3),2,same,relu) (U2)
U3 = Add ([U3, C3]) // residual learnig

U3 = Concatenate (U3, C3]) // concatenation
learning

U3 = Conv2D (256,(3, 3),1,same,relu) (U3)

U3 = Conv2D (256,(3, 3),1,same,relu) (U3)

U3 = Conv2D (256,(3, 3),1,same,relu) (U3)

U3 = Dropout (0.2) (U3) // 16 x 16 x 256

U4 = Conv2DTranspose (64,(3, 3),2,same,relu) (U3)
U4 = Add ([U4, C2]) // residual learnig

U4 = Concatenate (|U4, C2]) // concatenation
learning

U4 = Conv2D (128,(3, 3),1,same,relu) (U4)

U4 = Conv2D (128,(3, 3),1,same,relu) (U4)

U4 = Conv2D (128,(3, 3),1,same,relu) (U4)

U4 = Dropout (0.2) (U4) // 32 x 32 x 128

U5 = Conv2DTranspose (32,(3, 3),2,same,relu) (U4)
U5 = Add ([US, C1]) // residual learnig

U5 = Concatenate (JU5, C1]) // concatenation
learning

US = Conv2D (64,(3, 3),1,same,relu) (US)

US = Conv2D (64,(3, 3),1,same,relu) (US)

US = Conv2D (64,(3, 3),1,same,relu) (US)

U5 = Dropout (0.2) (US) / 64 x 64 x 64

U6 = Conv2DTranspose (1,(3, 3),2,same,relu) (US)
U6 = Add ([U6, X]) // residual learnig

U6 = Concatenate (U6, X]) / concatenation
learning

U6 = Conv2D (32,(3, 3),1,same,relu) (U6)

U6 = Conv2D (32,(3, 3),1,same,relu) (U)

U6 = Conv2D (32,(3, 3),1,same,relu) (U6)

U6 = Dropout (0.2) (U6) // 128 x 128 x 32

Outputs = Conv2D (3,(3, 3),1,same,sigmoid) (U6)
outputs = Add ([inputs, outputs]) // residual learnig
Model (inputs, outputs, name = ‘Encoder-Decoder’) //
128 x 128 x 3

Total parameters: 77,044,452 Trainable parameters:
77,044,452 Non-trainable parameters: 0
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Table 3: SSIM, PSNR and MSE of median filter, wiener filter and MCR on gaussian noise

Noise level Metrics 2% 4% 6% 8% 10% 12% 14% 16% 18%  20%
Median PSNR 63.79 63.69 63.58 63.48 6339 6330 63.21 63.13 63.05 62.98
filter SSIM  0.3211 0.2896 0.269 0.2527 0.2398 0.2287 0.2193 0.2115 0.2043 0.1979
MSE  0.0352 0.0349 0.035 0.0352 0.0356 0.0359 0.0363 0.0368 0.0372 0.0377
Wiener PSNR 6948 6798 6696 66.20 65.60 65.11 64.69 6434 64.03 63.75
filter SSIM  0.8015 0.7456 0.7034 0.6694 0.6406 0.6157 0.5944 0.5754 0.5584 0.5431
MSE  0.0073 0.0103 0.0131 0.0156 0.0179 0.02  0.0221 0.0239 0.0257 0.0274
MCR PSNR 70.62 71.02 71.47 7190 72.25 7252 7270 7279 7276 72.63
method SSIM  0.6459 0.6535 0.6639 0.676 0.6893 0.7035 0.7182 0.7319 0.7402 0.7383
MSE  0.0062 0.0056 0.0051 0.0047 0.0044 0.0042 0.0041 0.0041 0.0041 0.0043
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First row shows original images, 2nd row shows images with salt&pepper noise, 3rd row shows denoised images by the proposed mehod
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Table 2: SSIM, PSNR and MSE of median filter, wiener filter and MCR method on salt & pepper noise

Noise level Metrics 2% 4% 6% 8% 10% 12% 14% 16% 18%  20%
Median PSNR 63.65 63.64 63.63 63.62 63.61 63.60 63.59 6358 63.57 63.55
filter SSIM  0.4097 0.4085 0.4073 0.4063 0.405 0.4036 0.402 0.4003 0.3984 0.3961
MSE  0.0384 0.0385 0.0385 0.0386 0.0386 0.0387 0.0387 0.0388 0.0389 0.039
Wiener PSNR 70.50 6938 68.57 67.93 6739 6692 6650 6611 6575 65.40
filter SSIM  0.8682 0.8239 0.7868 0.7563 0.7296 0.7065 0.6853 0.666 0.648 0.6304
MSE  0.0058 0.0075 0.009 0.0105 0.0118 0.0132 0.0146 0.0159 0.0173 0.0187
MCR PSNR 84.98 85.09 85.18 85.23 85.22 85.15 85.03 84.84 84.61 84.31
method SSIM ~ 0.9882 0.987 0.9859 0.9849 0.9838 0.9826 0.9813 0.9799 0.9782 0.9763
MSE  0.0003 0.0003 0.0003 0.0003 0.0003 0.0003 0.0003 0.0003 0.0004 0.0004
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Frist row shows original images, 2nd row shows images with gaussian noise, 3rd row shows denoising images by the proposed method
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