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Denoising computed tomography (CT) medical images is crucial in preserving information and restoring images

contaminated with noise. Standard filters have extensively been used for noise removal and fine details’ preservation.

During the transmission of medical images, noise degrades the visibility of anatomical structures and subtle abnormalities,

making it difficult for radiologists to accurately diagnose and interpret medical conditions. 
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1. Introduction

Computed tomography (CT) is a widely used medical imaging modality that precisely identifies anatomical structures and

abnormalities . Medical imaging has revolutionized the healthcare sector by assisting medical professionals in several

ways, such as in disease diagnosis, treatment, and risk prediction . However, popular medical imaging modalities, such

as magnetic resonance imaging (MRI), ultrasound (US) images, positron emission tomography (PET), and computed

tomography (CT) images , are degraded by various kinds of noise, not limited to Gaussian noise, speckle noise,

Poisson noise, and salt and pepper noise, which severely affects fine details of an image, such as edges, lines, and points

. For instance, positron emission tomography (PET) is a procedure that involves nuclear imaging to provide

information about the operation of different tissues and organs. These images are usually degraded by a low signal-to-

noise ratio and blurred edges caused by Poisson and Gaussian noise. Similarly, CT medical images are corrupted by

Gaussian and salt and pepper noise, among others. Gaussian blur noise in CT imaging is caused by electronic noise,

image post-processing, the reconstruction process, and quantization .

Ultrasound is a medical imaging modality that uses high-frequency sound waves to create real-time images of the inside

of the body. It is a non-invasive and safe imaging technique widely used for diagnostic and monitoring purposes. When

ultrasound waves propagate through a biological medium, the images are contaminated with speckle noise, obfuscating

the pertinent details and reducing the contrast of the soft tissues, thereby degrading their overall visual quality . Medical

image analysis encompasses various image types characterized by their generation and appearance, and each is

affected by distinct noise that deteriorates their image quality.

The major challenge in the process of medical imaging is to obtain an image without loss of any meaningful information

for decision-making. Noise or artifacts corrupt the images obtained during the acquisition and further processing stages .

Unlike natural images, most medical images pose signal-dependent noises; hence, it is hard to remove them by using

conventional raw image denoising techniques . Noise refers to the random variations of brightness and color that are not

part of the original image, which deteriorates the image quality and even makes them diagnostically unusable . The

blurry and corrupt image quality reduces the visibility of structural details and discourages further decision-making, leading

to poor diagnosis, analysis, and treatment .

Gaussian noise is the type of noise that arises from sensor noise, heat propagation, or circuit noise that affects CT scan

images. Gaussian noise introduces random fluctuations in pixel intensity levels across the image, leading to a loss of

image clarity, sharpness, and fine details’ preservation and restoration .

When CT scan images are acquired, factors such as photon statistics, electronic noise, and patient motion can introduce

noise into the images . The noise can obscure fine details and reduce the overall image quality, leading to information

loss . The main aim of image denoising is to remove the noise while preserving the details of the image and cover

aspects such as edge preservation and robustness to any artifacts . In addition, denoising and enhancement of

medical images can be helpful in image restoration, feature extraction, and in reducing distortion of images obtained from

complex imaging modalities such as MRI, PET, and CT . Several noise reduction approaches have been reported to

address this problem during preprocessing and post-processing stages. These approaches include Gaussian filters (GF),

mean filters (mean-F), median filters (Median-F), bilateral filters (BF), wiener filters (WF), non-local mean filters (NLM),
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and denoising convolutional neural networks (DnCNN) . However, these conventional spatial filtering

techniques  for image denoising are still faced with the challenge of preservation of image details, which

causes the blurring effect, handling of complex noise patterns, parameter tuning, artifacts, and computational complexity,

which affect their direct use for medical diagnostic purposes . For instance, Vimala  proposed a dual-tree DWT

combined with wiener filters, used for an image affected by white Gaussian noise, proving that DT-DWT and wiener filters

effectively denoise white Gaussian noise. However, the estimation of sub-optimal characteristics led to sub-optimal

denoising results. Zhang et al.  proposed a non-local (NL) means filtering scheme for Gaussian noise removal, where

the resemblance of local patches determines the pixel weights. When the window size of the image is reduced to only a

one-pixel value, the NL-means filtering becomes the same as the bilateral filter .

It is demonstrated that the significant challenges faced by filters in  were edge

preservation, image restoration, computational intensity, and the blurring effect problem, which decreases image

sharpness, obstructs the view of the underlying anatomy, and renders the CT scan images unsuitable. In recent years,

several convolutional neural network (CNN)-based methods have been proposed for natural image denoising, and the

application of a three-layer CNN for low-dose CT has shown promising results. Using a deep-CNN improves the image

processing performance because of its strong symbolic power. However, when trained with a widely used pixel-level loss

function, the CNN-based models often suffer from vanishing gradients by introducing blurring in denoising images .

Additionally, striking a balance between noise reduction and retention of clinically relevant information remains a

challenge. Therefore, a wavelet-based image deblurring and restoration ensemble approach is proposed to enhance

image quality, preserve edge information, and improve image restoration while eliminating the entire image noise.

The proposed ensemble approach uses the denoising capabilities of an anisotropic Gaussian filter (AGF), wavelet

transform, and denoising convolutional neural network (DnCNN). The AGF is used as a preprocessing operation to reduce

Gaussian noise in the image by selectively smoothing the image while preserving the edges and fine details, effectively

reducing noise levels. When applied with suitable parameters, it helps reduce blurring effects in the image and restore

sharpness. The Haar transform wavelet is a preprocessing operation known for preserving edges due to its ability to

capture sharp transitions in the image. An inverse Haar transform is performed to reconstruct the enhanced image. The

denoising CNN is trained on pairs of degraded images (blurred and noisy) and their corresponding clean, sharp versions.

The CNN learns to map the degraded images to their clean counterparts, effectively removing the blurring effect and

restoring the image. Both AGF and Haar transform inherently contribute to edge preservation, considering that the AGF

preserves edges while selectively smoothing other regions, and the Haar transform allows for directional analysis, which

can further enhance the edge preservation during the restoration process with the DnCNN. Anisotropic Gaussian filters

adaptively adjust their parameters based on local image features, allowing for effective noise reduction without sacrificing

important image details.

2. Image Denoising Technique for CT Images

Noise in medical images refers to unwanted random variations or distortions superimposed on the underlying image

information. It degrades the quality and clarity of images, making it challenging to accurately interpret and analyze them

. Noise can arise from various medical imaging sources, including imaging equipment, signal acquisition, patient

factors, and image processing . Image denoising aims to obtain the best of an original image from the corrupted image.

Noise reduction improves the perception of images and usually results in better performance for different image analysis

and computer vision algorithms . In , the authors pointed out that during the transmission of medical images, noise

becomes a dominant factor that deteriorates and degrades the image’s contrast, reducing its quality and appearance and

creating problems in the diagnostic phase. Salt and pepper noise (SPN) and Gaussian noise (GN) are common types of

noise in medical images that occur in acquisition or data transmission through any network or medium . Usui et

al. , in their quantitative evaluation of deep convolutional neural network-based image denoising for low-dose computed

tomography, eliminated Gaussian noise, and maintained sharpness using DnCNN.

In , Gaussian noise was added with a standard deviation of 0.002 to thoracic CT images. A fast, non-local means

(FNLM) denoising algorithm removed blurring in the images. The FNLM was more efficient than conventional denoising

filters, such as Gaussian, wiener, and median filters. Sarita et al.  assessed denoising filters for brain MRI-weighted

contrast-enhanced images. The PSNR, SSIM, and MSE are statistical parameters used for analyzing the performance of

the filters. The study showed that the wiener filter is considered the most efficient for Gaussian noise. In the case of

speckle noise, anisotropic filters work better on low noise density, whereas the Gaussian filter works better for high noise

density. Wang et al.  used adaptive wavelet transform and CNN for image denoising, and PSNR was calculated as high

and MSE as low. In addressing Gaussian and Rician noise issues of data loss due to compression and preservation of

edge details, Juneja et al.  used Bayesian shrinkage-based fused wavelet transform (BSbFWT) and the block-based
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autoencoder network (BBAuto-Net) to remove noise from MRI. A novel algorithm that combines the bilateral filter and its

method of noise thresholding, using dual-tree complex wavelet transform to remove Gaussian noise in the image, was

proposed by Majeetah et al. . The experimental results show that the proposed algorithm is superior to other existing

filtering algorithms in terms of visual quality and has very good PSNR, SSIM, and UIQI values. However, the issues

around image blurring, contrast reduction, and quantitative inaccuracies of PSNR and SSIM were not adequately

addressed.

The CNN and bilateral filters were used to remove Gaussian noise from CT images in , and the authors of 

presented a novel window-based method to remove high-density salt and pepper noise for optimal ROI (region of interest)

detection of the brain MRI images. The output was used in watermarking and extracting hidden data in this type of image.

An impulse noise removal algorithm model was proposed based on logarithmic images before medical images .

Experimental results using PSNR and MSE showed that the method was superior in terms of the effectiveness of impulse

noise (salt and pepper noise) removal for medical images, CT, or MRI . In , they developed a fast method based on

Fuzzy Logic for Gaussian impulsive noise reduction in CT medical images. By applying parallel computing strategies, the

obtained computing times indicated that the introduced filter reduced Gaussian–impulse-mixed noise on CT medical

images in real time. In , the authors discussed how Gaussian filters effectively removed random additive noise, such as

Gaussian noise that follows a uniform Gaussian distribution. However, they did not perform well in the presence of other

types of noise, such as impulse noise, which caused blurring around edges and introduced halo-like artifacts in the

denoised image . The blurring and halo artifacts can distort the fine details of objects and degrade the overall visual

quality of the image.

Gaussian noise often distorts digital images, which is an essential problem in image processing. In , the impulse and

Gaussian noise in the CT image were removed based on the edge-preserving median filter algorithm. The sparse, non-

local regularization algorithm weighted coding was used to remove the impulse and Gaussian noise in the mixed noise,

and the peak signal-to-noise ratio (PSNR) and structural similarity index (SSIM) were calculated to evaluate the quality of

the denoised CT image. The performance of the median filter for Gaussian noise removal could have been more effective

due to its discrete nature, acceptable detail loss, and edge preservation. Authors in 

 discussed the challenges of image denoising based on the state-of-the-art medical image denoising

techniques, such as bioinspired optimization-based filters and spatial filters using CNN, which included the preservation of

image details, trade-off between noise removal and detail preservation, noise characteristics, computational complexity,

and spatial and temporal coherence. However, these conventional image denoising techniques do not remove additive

Gaussian noise from CT scan images because these spatial filters and denoising techniques 

 may excel at reducing noise but need help to maintain the integrity of intricate anatomical

information.
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