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ABSTRACT: To enable proper diagnosis of a patient, medical images must demonstrate no presence of noise
and artifacts. The major hurdle lies in acquiring these images in such a manner that extraneous variables, causing
distortions in the form of noise and artifacts, are kept to a bare minimum. The unexpected change realized during the
acquisition process specifically attacks the integrity of the image’s quality, while indirectly attacking the effectiveness
of the diagnostic process. It is thus crucial that this is attended to with maximum efficiency at the level of pertinent
expertise. The solution to these challenges presents a complex dilemma at the acquisition stage, where image processing
techniques must be adopted. The necessity of this mandatory image pre-processing step underpins the implementation
of traditional state-of-the-art methods to create functional and robust denoising or recovery devices. This article hereby
provides an extensive systematic review of the above techniques, with the purpose of presenting a systematic evaluation
of their effect on medical images under three different distributions of noise, i.e., Gaussian, Poisson, and Rician. A
thorough analysis of these methods is conducted using eight evaluation parameters to highlight the unique features
of each method. The covered denoising methods are essential in actual clinical scenarios where the preservation of
anatomical details is crucial for accurate and safe diagnosis, such as tumor detection in MRI and vascular imaging in CT.
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1 Introduction

A denoising technique’s primary job is to minimize the background noise and, thus, enhance image
quality for better visualization and diagnosis via better feature extraction and object recognition. Denoising
can be considered a preliminary process before the final image is delivered. However, a significant limitation
of denoising is the trade-off between reducing noise and preserving critical anatomical landmarks. In
natural images, the noise induced by camera sensors is neither additive nor uniform over different grey
levels [1]. The case of medical imaging is different from that of natural imaging in the sense that in medical
imaging, the noises are signal-dependent with surfaces that are impossible to miss, making it hard for the
conventional denoising techniques to remove them. The aftermaths of applying various spatially variant,
direction-sensitive transformations to these images may result in further degradation if the process is not
monitored and appropriately controlled. The nature of the image is affected by the nature and proximity of
noise, making it very difficult to extract meaningful information, structures, and subtle elements from the
debased image, vital for the diagnostic process [2].
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Many imaging modalities exist in the medical field, of which CT and MRI imaging are the two most
common and most popularly used. As the trend toward laboratory tests faded over time, the diagnosis
process through images took over due to its efficiency and effectiveness. Some of the imaging techniques
also provide results in real time. However, some challenges remained in the form of sensor noises or other
environmental noises, along with artifacts. For the image to be clear, it must have a high signal-to-noise ratio
(SNR), and these modalities can provide excellent results if all the prerequisites are achieved with utmost
care. Nevertheless, if these pre-requisites are not addressed appropriately, the images may turn out to be noisy
and of no use at all [2–6].

Real-world challenges such as time constraints for processing, computational resource limitations, and
the need for seamless integration into existing diagnostic processes sometimes constrain the application of
denoising techniques in clinical practice. High-throughput environments, e.g., radiology departments or
emergency rooms, require fast image processing without compromising diagnostic accuracy. In addition,
not every clinical environment will possess the memory and processing power required by some advanced
algorithms, deep learning models. These limitations emphasize the importance of developing useful and
adaptable denoising methods.

Multimodal denoising methods that combine complementary data from multiple spaces—spatial,
frequency, and learned feature spaces—have been increasingly recognized as a response to these challenges.
Multimodal techniques can capitalize on numerous strengths to better preserve noise elimination with
clinically important features, whereas single-domain approaches may be vulnerable to complex patterns of
noise or modality-based distortion. Consequently, this study emphasizes the necessity and growing relevance
of hybrid and multimodal denoising models that are tailored to the pragmatic needs of real-world medical
imaging environments.
Challenges in Medical Image Denoising:

Medical image denoising has a unique and more challenging problem set than natural image denoising,
which has been well researched. Medical images are characterized by highly specific anatomical and
pathological features, which have to be preserved with the utmost precision for an effective diagnosis, unlike
natural images, which may contain broad and redundant structures at times. Clinical expertise can be
compromised if even minor structural features get lost in denoising.

In addition, in comparison to natural image sensors, noise characteristics specific to sensors in medical
imaging devices (e.g., CT, MRI, and PET) are often more complex and varied. An example includes the non-
stationary, non-Gaussian nature of MRI images, which are prone to Rician noise, and CT scans, which are
often affected by Poisson noise.

Because of privacy, ethical, and cost concerns, there is a lack of extensive, annotated training data
for medical images, another key difference. The existence of vast datasets in the natural picture domain
is the complete opposite. In addition, clinical constraints such as low-dose imaging (to reduce radiation
exposure) lead to inherently noisier images, so effective denoising is harder. Because of privacy, ethical, and
cost concerns, there is a lack of large, annotated training data for medical images, which is another key
difference. The existence of huge datasets in the natural image world is in direct contrast to this. In addition,
clinical constraints such as low-dose imaging (to reduce radiation) yield naturally noisier images, rendering
effective denoising more difficult.

Finally, the structural preservation and diagnostic integrity need to be taken most seriously in medical
image denoising, unlike natural images, where perceptual quality is often sufficient. In a clinical environment,
where deceptive features can lead to misdiagnosis, oversmoothing or hallucinating details techniques that
are permissible in natural picture improvement are not suitable. Because of such issues, denoising medical
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images is not merely a technology problem but an area that necessitates a tremendous level of inter-
disciplinary perception that combines experience of medical imaging modalities and clinical relevance along
with expertise of image processing.

As compared to existing literature, this paper presents a comprehensive and comparative study of 80
denoising algorithms covering the three principal distributions of noise (Gaussian, Poisson, and Rician).
This paper is a more practical guide for researchers and industries as it systematically ranks performance
based on eight specified evaluation measures, as opposed to existing surveys that only focus on algorithmic
concepts. The research also proposes issues specific to every modality and recommends an organization
of denoising algorithms based on areas of application (spatial, transform, and sparse). Further, it presents
clinical constraints like computational expense and time, and data diversity and angle dependency on PSNR
as issues that have often been neglected in past analyses.

Additionally, imaging through these modalities is expensive, posing another challenge. These reasons
push forward the case of the need for image refinement solutions through image processing. Fortunately,
due to advancements in image processing, there are plenty of tools available. However, research will improve
these techniques and make them suitable specifically for processing medical images. The trend also indicates
the rise in popularity of image processing tools for medical images as the number of publications increased
drastically in recent years (Fig. 1) [7–10].

Figure 1: Number of publications published with keywords or title CT denoising and MRI denoising from 2009 to 2023
(Source: Google Scholar)

Therefore, putting forth three crucial arguments in favour of the need for a workable denoising
technique:

1. A low-resolution (LR) medical image can be converted into a high-resolution (HR) image without
repeating the scan with denoising’s help. This is particularly important in cases where rescanning is
not feasible or poses a risk to the patient’s health. Additionally, denoising can improve the accuracy of
medical image analysis by reducing the impact of noise on image features and patterns. This is especially
important in fields such as radiology and pathology, where accurate interpretation of medical images is
critical for diagnosis and treatment planning. Finally, denoising can help reduce radiation exposure in
medical imaging by allowing for lower-dose scans that still produce high-quality images.
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2. By denoising and enhancing a low-radiation image, a high-quality image can be produced, reducing the
need for high radiation exposure, as in a CT scan. This is particularly important for patients who require
multiple scans over time, as repeated exposure to high levels of radiation can increase the risk of cancer.

3. Denoising brings forth a clearer image, reducing the time for diagnosis by medical professionals. In
addition, enhanced images can reveal subtle details that may have been missed in the original scan,
leading to more accurate diagnoses and better treatment plans [11,12].

The remainder of this paper is organized as follows: Section 2 provides a detailed overview of the medical
imaging modalities. Section 3 categorizes and discusses traditional and advanced denoising techniques
across spatial, transform, and sparse domains. In Section 4, various Thresholding methods used in denoising
have been covered. Section 5 covers the image noise models and artifacts. Section 6 outlines the evaluation
metrics used for performance analysis. Section 7 presents the experimental results and comparative assess-
ments. Section 8 discusses limitations, clinical relevance, and future research directions. And concludes the
paper with key findings and contributions.

2 Medical Imaging Modalities (CT and MRI)
The new era of technology heralded a revolution in medicine. As we know it today, the practice of

medicine results from years of research that went into the development of modern imaging techniques. Since
the discovery of the “X-Rays” in 1895, the domain of imaging in medicine has grown by leaps and bounds.
As the understanding of these rays grew, it had significant implications for medical imaging. During the
period between the discovery of X-rays by Roentgen and the invention of CT scans in 1972 by Hounsfield,
the field of medical imaging evolved at a slow pace. The change came with the development of the CT
device. It changed how we saw the human body. The X-Ray generated a black-and-white image, in which
it was challenging for a clinician to demarcate various body parts. The CT device transmitted the X-Rays
simultaneously, measuring the degree of the attenuation coefficient of different tissues to the X-Rays [11].
With the CT came the “Hounsfield Scale,” a quantitative grayscale for describing the human body parts’ radio
density. Thus, it increased our potential for visualization of the human body as it was more sensitive than the
conventional X-Ray systems. This increased screening, diagnostic, and monitoring capabilities also helped
us understand the human anatomy more clearly. However, the recent advances in technology have focused
on improving the quality of images produced by these modalities [12]. Medical imaging has made significant
progress in giving precise and thorough information about the human body with the development of new
technologies. The development of CT scans and MRI devices changed radiology by enabling the study of
inside organs and tissues to be seen in greater detail. Healthcare workers may now identify and diagnose
illnesses at an earlier stage thanks to these modalities, which have shown to be more sensitive than traditional
X-ray systems. Also, they have aided in tracking the development of illnesses and gauging the success of
therapies. The quality of the pictures generated by these modalities has been further enhanced by recent
technological developments, increasing their usefulness in medical diagnosis and treatment planning. We
may anticipate even more advanced imaging technologies as a result of ongoing research and development,
which will help us better comprehend the human anatomy and treat patients.

3 Conventional Denoising on Medical Images
As mentioned previously in the introduction, the noise in medical images is signal-dependent, i.e.,

it varies with the signal’s intensity. The majority of conventional cutting-edge techniques are ineffective
in addressing this noise issue. Their inability to adapt to signal-dependent noise characteristics is the
primary cause. These techniques frequently presume a fixed statistical model for noise, which may not
accurately depict the complex and variable nature of noise in medical images. For instance, Coifman et al.
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(1995) demonstrated that a widely used denoising technique based on Gaussian assumptions performed
inadequately when applied to medical images with non-Gaussian noise distributions [13]. This emphasizes
the demand for more sophisticated denoising methods that can manage the various noise patterns present in
medical images. For enhancing the accuracy and dependability of medical image analysis, it will be essential
to create algorithms that can adapt to signal-dependent noise characteristics.

3.1 Filtering in Spatial Domain
Spatial filtering is performed by convolution of the image with a kernel capable of modifying an image in

a particular way on the pixel level. In spatial domain filtering, neighbourhood operations are performed with
a fixed-size array (kernel) designed to smooth, sharpen, or extract edges. The low-frequency information
includes equal intensity areas. In contrast, the high-frequency information represents the intensity variations
within an image. The smoothing process is equivalent to low-pass filtering, and the extraction of edges is
equivalent to high-pass filtering of the image. The kernel is used to perform averaging as a neighbourhood
operation on the pixels of the image to modify them spatially, i.e., the pixel under consideration is replaced
with the weighted average of the pixels in its neighbourhood. This neighbourhood averaging operation can
be described mathematically as [14].

Fig. 2 shows the generic process of image denoising. It shows how denoising process can be carried out.
First the noise is added to source image then preprocessing like histogram equalization, noise estimation,
etc. is performed on the noisy image. Then image denoising algorithms is applied and at last the denoised
image is produced.
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Eq. (1) shows that the calculations are performed over a square window of size m × m, and the
elements of the array are the weights (ωx , y). The size of the kernel decides the extent of the inclusion of
the neighbouring pixels. In denoising, the image is low-pass filtered to remove the unnecessary variations
in the intensity, but crucial high-frequency details also get removed. The primary challenge remains for
a smoothing process to smooth out intensity variations while simultaneously preserving the relevant
high-frequency information [14,15].

The simplest example of the neighbourhood averaging operation is box filter or mean filter. The name
box filter is assigned due to its frequency response resembling a box. A simple 3 × 3 box filter applies the
same weights to the pixels, i.e., equal to 1, the denominator part of Eq. (1) automatically becomes equal to 9.
The simple 3 × 3 kernel can be defined as [16,17]
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Figure 2: A generic image denoising process

Fig. 3 shows the image denoising techniques and various its classification. The average filter possesses
some properties like zero shift, i.e., the object position is not shifted after the operation due to its zero-
phase, which implies a symmetric filter mask with a real-valued transfer function. It is well known that
the smoothing operator affects the finer scales more than the coarser scales, which means that it should
have the monotonically decreasing transfer function so that a particular scale does not get annihilated
while simultaneously preserving the smaller scales. Additionally, the smoothing should be the same in all
directions, i.e., it should be isotropic. In discrete spaces, this goal is hard to achieve. So, it can be seen as a
potential challenge to design kernels that deviates the least from isotropy [16].

The time-domain representation or the inverse Fourier transform of this box function is a Sinc function.
A filter can be represented either in IIR (Infinite Impulse Response) form or FIR (Finite Impulse Response)
form. When expressed in FIR form, the time domain’s impulse response needs to be truncated, making the
filter perform poorly near the edges. Due to sharp cut-offs in the frequency domain, this filter also introduces
ringing near the shapes’ boundaries in the images. Another drawback of the mean filter is that a pixel with
the least significance can also influence the average value of pixels in its neighbourhood, affecting the pixels’
values near edges, which leads to the loss of essential details in the image. The filter also deviates from isotropy
when the mask size is increased beyond a specific limit, which leads to the decision that the choice of mask
size is subjective to the data in hand [18]. In [14], authors presented effective ways in which the mean filter
can be used to handle complex images and in [19], non-linear mean filters were used to denoise the medical
images and detect edges for effective diagnosis.
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Figure 3: Denoising methods classifications

It is possible to derive better smoothing filters by knowing the relation between the Fourier transform
pairs’ compactness and the smoothness. In the case of mean/box filters where the smaller size of filter masks
resulted in degraded transfer functions, the larger mask sizes improved the transfer function at the cost
of increased overshoot along with compromised isotropy. The edges or intensity variations are regarded as
discontinuities in space, and the Fourier transform’s envelope of a signal having discontinuities in space
decays in the frequency domain. This paves the way for the synthesis of efficient filters called the Binomial
filters. The 1-D Binomial filter mask can be written as [20,21]

T n = 1
2n [ 1 1 ] ∗ [ 1 1 ] ∗ . . . . . . . . . ∗ [ 1 1 ] (3)

It is the convolution of the elementary binomial smoothing mask, T = 1
2
[ 1 1 ], n (order) times. The

resulting masks can be obtained as

T2 = 1
4
[1 2 1]

T3 = 1
8
[1 3 3 1] and so on (4)
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These masks have values of binomial distribution hence the name Binomial filters. The transfer functions
of Binomial filters are monotonically decreasing with zero value at the highest spatial frequency. As the order
of the filter is increased, the transfer function tends toward Gaussian distribution. Similarly, in 2-D Binomial
filters, when order is increased, the filter loses its isotropic nature. It tends towards an anisotropic character
as the transfer function increases in the direction of diagonals. While these linear filters effectively deal with
zero-mean Gaussian noise, they cannot appropriately tackle impulse noise [20–23].

Further improvement in mean filters came through Alpha-trimmed mean filters designed for Gaussian
noise with underlying impulse noise components. This filter lies on the boundary of mean filters and median
filters, where the value of α decides the filter’s behaviour. The output of an Alpha trimmed filter can be
written as

Sn (i , α) = 1
n − 2[αn]

n−[αn]
∑

j=[αn]+1
R j(i) (5)

where α ∈ [0, 0.5) depicts the percentage of trimmed samples and [.] represents the largest valued integer
from observation {R (i), R (i − 1), . . . . . . , R (i − n + 1)} in a window ωi when these samples are arranged in
ascending order. The alpha trimmed filter behaves like a mean filter when α approaches 0 and a median filter
when α approaches 0.5. This filter was complex and cannot be employed if the impulsive noise is high [24–26].

The linear filters are useful in the case of Gaussian noise but perform poorly in the case of binary
noise. Additionally, it is generally assumed that every pixel carries information. So, in linear filtering,
the information simply gets carried to the neighbouring pixels rather than elimination. The task at hand
remains to identify these pixels and eliminate them. The rank-value or median filters do this task [27,28].
The non-linear filters select the medium value of intensity arranged in ascending order based on the
array position [29]. As an impulse will be surrounded by the pixels of almost equal intensity, it falls
on the sorted array’s extremes; hence it gets replaced with other appropriate pixels. Besides, edges and
constant neighbourhoods are also preserved as they are regarded as fixed points. For a single unnecessary
discontinuity, lower window sizes are used, whereas larger window sizes are used for the groups of infected
pixels [30].

The median filter operation tends to remove thin corners and lines, and its performance is rather
unsatisfactory in signal-dependent noise. So, the issue of MRI imaging will not be addressed effectively
with this kind of filtering [31]. Later on, other more efficient median filter variants were introduced, trying
to solve the associated problems by adaptive measures. The first such evolved variant is Centre Weighted
Median Filter (CWMF) [27,32,33], which gives more weight to the window’s central value. It provides
a controlling power over the smoothing behaviour of the filter. The CWMG is effective in preserving
relatively thinner and sensitive details while removing the white or impulse noise. A similar other example
is Neighbourhood Adaptive Median Filter (NAMF) [33], which changes the neighbourhood’s size during
filtering operation providing greater flexibility. It has been found that repeated median filtering applied on
a sequence of length L converts into a sequence, which becomes invariant to further median filtering. It
happens after (L-2)/2 iterations, and it is an advantage in the case of coding but a disadvantage for smoothing
a variety of noises. While the median filters are useful in suppressing impulse noise, non-impulsive noise is
filtered better by linear average filters. So, a Dual-Window Modified Trimmed Mean (DWMTM) filter was
proposed, which blended both linear and median filters’ qualities to remove the impulsive noise the non-
impulsive noise simultaneously [34,35]. As linear filters are known for smearing the edges (high-frequency
information), a low-order low-pass linear filtering system is used to avoid this [32]. The later improvements
in median filtering came in the form of Tristate median filter (TMF) and Decision based median filtering
(DBMF) [36,37]. In TMF, the standard median filter is blended with the Centre-Weighted Median Filter
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(CWMF) to balance the trade-offs between the two. In DBMF, apply a decision map to choose an appropriate
substitute value for the central pixel. In DBMF, a decision is made according to the assumption that the
corrupted pixel takes minimum and maximum values within the dynamic range (0, 255). If the pixel lies
within this range, it is considered a noise-free pixel and is left unaltered otherwise; it is replaced by the median
or its neighbouring value [36,38–41].

Extensive research has been carried out for denoising of medical images using median filters and
evolution of median filter paved the way. A variety of median filters have been developed over the years to
effectively tackle the problem of medical image denoising [42,43]. In [44], median filter and adaptive median
filter were studied and used for removing salt and pepper noise from the medical images (MRI and CT)
and satisfactory results were obtained. In [45], various parameters influencing the performance of median
filter were explored and compared. Various median filter based techniques were reviewed and discussed in
detail in [42,37] for denoising of CT and MRI images. The study concluded Adaptive Median Filter (AMF)
the most effective in removing salt and pepper noise from CT images. Another manuscript presented a
comprehensive performance analysis of the Neutrosophic Set (NS) methodology applied to median filtering
for the purpose of eliminating Rician noise from magnetic resonance images. A Neutrosophic Set (NS),
an integral component of the theoretical framework of neutrosophy, delves into the examination of the
genesis, essence, and extent of neutralities, alongside their intricate interplays with diverse ideational spectra.
The experimental findings indicated that the NS median filter exhibits superior denoising efficacy in both
qualitative and quantitative assessments when juxtaposed with alternative denoising methodologies [46].
The application of multi-stage directional median filters to MRI images was discussed in [47] and, an
improvement was indicated over wavelet method. In the literature mentioned above, the utilization of the
median filter technique was observed as a means to address a singular form of noise that pervades medical
images. As a result, in the work conducted by Ye Hong Jin et al. [48], the median filter was employed in
conjunction with wavelet transform to successfully combat the presence of mixed Gaussian and impulse
noise. The experimental findings demonstrated superior efficacy compared to the exclusive utilization of
median filtering and wavelet transform based filtering methodology.

Order statistic filters were best suited for impulse noises, which are rarely encountered in medical
images. However, the variants of the median filter proposed later on were designed to deal with other noises
and impulse noise present in the image; more robust filters are there to explore which are more effective
than the median filters. One such example is of Gaussian filter. Gaussian filters are mainly used to eliminate
the Gaussian noise present in the image. It is a non-linear, isotropic operator based on Gaussian equation,
written as [49–51]

G (i , j) = 1
2πσ 2 e−

i2+ j2

2σ2 (6)

This 2D distribution is used as a “Point Spread Function” (PSF) for Gaussian smoothing. To perform
a smoothing operation on an image, this function (equation) is reduced to a discrete approximation.
Theoretically, due to its non-zero values, a large size of convolution kernel is required for efficient smoothing
but, due to compromised speed of operation, the kernel is truncated above three standard deviations from
the means to create a fixed size lower-order mask. When convoluted with the image, this mask produces a
resultant image free from Gaussian noise and high-frequency details. The choice of σ influences the degree of
smoothing, and it is signal-dependent. The frequency response of a Gaussian function is also Gaussian and
free from oscillation compared to the box filter. This gives an accurate idea about the range of frequencies still
present after filtering. The Gaussian filter treated all pixels equally while filtering. This is strictly not required
when meaningful edges are to be preserved. The smoothing operation’s kernel should halt its operation near
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edges so that a more effective edge-aware smoothing operation can be performed [52]. In [53], performance
of Gaussian filter, Wavelet and Curvelet transform is reviewed and assessed on MRI and CT images.

A smoothing technique’s primary goal is to smooth out intensity variations in an image while preserving
meaningful edges and contours. These techniques are called edge-aware smoothing techniques. An edge
defining an object in the scene becomes a contour, which means that edges can be detected using local
tools, while for contours, some global tools are needed. Applying such tools to an image may boost trivial
textures and details and pose serious computer vision problems [54]. To prevent this, images are smoothed
first to remove the trivial textures and details, and after that, some more sophisticated tools are applied
to boost the relevant details. One such example is the Local Laplacian filter, in which the profile of the
discontinuities is maintained. The application of local Laplacian filter may change the magnitude of the
variation without losing the shape of the discontinuity (as depicted in graphical representation). This solves
the problem of generation of halos, gradient reversal artifacts, and shifted edges. This comes at the price of
high computational cost. Many attempts have been made to improve the speed of the operation [55–57].

An image is composed of pixels having individual intensities placed at specific spatial locations. Let us
assume that the range of values within the image is between [0, 1], and due to the discrete nature of images,
the spatial coordinates will be integers. In Gaussian filtering, only the spatial aspect of images is explored. An
improvement in the Gaussian filter was proposed as a Bilateral filter in which both the spatial and the range
parameters are considered while filtering. So, the bilateral filter equation is a modification of the Gaussian
equation, written as [58,59]

BFI =
1

Wi
∑
q∈S

Gσs (∣∣i − j∣∣)Gσr(∣Ii − I j ∣)I j (7)

where, Wi = ∑q∈S Gσs (∣∣i − j∣∣)Gσr(∣Ii − I j ∣) ensures that pixel weight sum remains equal to 1. σs and σr
are space and range parameters, respectively. While the space parameter controls the spatial coordinates,
the range parameter controls the pixel intensity values. While working together, these parameters ensure
smoothing at the places required and disabling the kernel where there are intensity variations. Bilateral
filter preserves step like discontinuities according to range variance σr . According to the equation, assuming
σr = 0.1, from pixel values in domain [0, 1] and σs = 4 pixels, the pixel farther than ~3σr and, more than
12 indices apart will have negligible weight value. So, the neighbourhood’s radius limit should be matched
with the spatial parameter to avoid any wastage of computing resources, which is a significant drawback of
bilateral filter [58]. Furthermore, bilateral filter is not suited for ramp-like changes in intensity and valley-like
features (depiction in image pixel intensity map) because of the outliers, missing the filter window [60]. A
higher-dimensional extension of the bilateral filter was proposed as a “Trilateral filter,” designed from two
different modified forms of bilateral filter to address these issues. An image stacking method combined with
a bilateral filter is employed for faster region finding. A gradient vector-based skewed window is used along
with an adaptive local neighborhood to track larger gradient areas. These all operations are done by trilateral
filter through one parameter only. A trilateral filter is suitable for images with high contrast and noisy images
as it preserves edges according to criteria based on the retention of local structured similarities. The only
problem posed by trilateral filters is the introduction of ringing artifacts in the image’s details [60–62].

Despite the superior performance of the bilateral filter compared to the Gaussian filter, the denoising
capabilities exhibited were still deemed to be below the expected standard. The existing body of literature
unambiguously demonstrates that, in order to compensate for the inherent limitations of the bilateral filter,
it was conventionally utilized in conjunction with an alternative methodology. For instance, in the works
of [63–65], the bilateral filter was implemented on the sub-bands of images derived from the process of
multi-resolution decomposition of the original image. In the studies conducted, the image was decomposed
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using simple and complex wavelets. However, in the research conducted by Vinodhbabu et al. in [66],
a different approach known as the Dual-Tree Complex Wavelet Transform (DTCWT) was employed for
image decomposition. In a study conducted in [65], the utilization of sub-sampled pyramids and non-
subsampled directional filters was observed. Additionally, in another study conducted by K. Thakur, the
Shearlets were employed for the purpose of image decomposition [67]. In the study conducted by Tao
Wang, the bilateral filter technique is employed for the purpose of decomposing the medical image into sub-
bands. Subsequently, the K-SVD algorithm is applied to the high-frequency sub-band in order to generate
visually appealing outcomes [68]. In the work conducted by Mohamed Elhoseny, a Convolutional Neural
Network (CNN) is employed in conjunction with a bilateral filter for the purpose of denoising medical
images [69]. Furthermore, in [70], the determination of optimal values for space and range parameters was
achieved through the utilization of an image-driven approach. This approach demonstrated superiority over
conventional bilateral denoising techniques across various benchmarks. In the study conducted in [71], a
neural network was employed to enhance the efficacy of the bilateral filter and shows the application of
neural networks as an effective system to reduce noise, where a bilateral filter can be used to perform edge-
preserved image denoising. The suggested LDA employs statistical functions of mean and median of output
pixels results. In [72] the bilateral filter was combined with the Non Local Means (NLM) filter to achieve
optimal denoising capabilities.

Later improvements came in the form of Joint/Cross Bilateral filter (CBF) and Guided image filter (GIF).
Both of the filters used a guidance image to guide the smoothing towards an edge-aware approach. The
guidance image having precise high-frequency details is used as an estimator to evaluate the edge-stopping
function Gσr . The CBF equation is given as [73]

CBFF =
1

Wi
∑
q∈S

Gσs (∣∣i − j∣∣)Gσr(∣Ii − I j ∣)Fj (8)

Here, I is the image having precise high-frequency details, while F is the image to be filtered. Initially, it
was created by considering the flash and ambient images. However, later, its use was extended to other images
where sometimes, the original image itself is used as a guidance image. Similarly, in the GIF, the guidance
image is kept similar to the filtering input image to keep the underlying perspectives’ structural details intact
according to the guidance image. The guided filter is based on a local-linear model, which tends to minimize
the cost function, depending on the weighted difference of guidance and the input image. The guided filter
performs faster in general and better near the edges but not fully reduces the effects of gradient reversal
artifacts on the filtered image encountered in the outputs of other filters. The need for a better filter output
puts an obligation on the requirement of a better guidance image than the input image, which is difficult to
achieve. Additionally, the guided filter also suffers from some fundamental filter problems like distinguishing
a relevant edge out of many and the generation of halos near the edges [74]. Some other versions of GIF were
also presented in [75–78]. Gradient-domain-guided image filtering (GDGIF) was proposed in [79] to deal
with the halos. In GDGIF, and new edge-aware constraint is incorporated to preserve the edges better.

In literature [80], demonstrates the use of cross- bilateral filter along with PCA (Principal Component
Analysis) to denoise medical images where, supplementary image for CBF was generated by applying and
PCA to image and then applying preliminary smoothing using wavelet transform on the first principal
component generated from the image. Similarly in [81], guided filter was used with DWT to preserve
more edges compared to fast guided filter. In [82], iterative guided filter was used to denoise PET-MR
(Positron Emission Tomography-Magnetic Resonance) and PET-CT (Positron Emission Tomography-
Computed Tomography) and it showed a significant reduction in RMSE (Root Mean Square Error). Finally
in [83], a novel guided decimation box filter was introduced along with HPSO (Hybrid Particle Swarm
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Optimization) to effectively denoise medical images. This method was tested on various test retinal, MRI
and Ultrasound images and results showed a significant improvement in terms of PSNR, SSIM and FSIM
assessment parameters.

3.2 Miscellaneous Filtering
Unlike the above-described filters, if the blurring or degrading function of an image is known, the

quickest way to restore the image is Inverse filtering. Initially, it is a form of the high-pass filter, so it tends
to increase the noise levels of an image but, as the whole idea of Inverse filtering revolves around accurately
predicting the blur or the noise model and then filtering the input image through the inverse of that predicted
noise model, it can be manipulated to act as an low-pass filter by introducing thresholding in it. So, if the
blurred image is modelled as [84]:

f (x , y) = i(x , y)⊗ n(x , y) (9)

where, I is the original image and N is the noise model. Similarly, the inverse filter transfer function can be
written as:

H (ω1 , ω2) =
1

N(ω1 , ω2)
(10)

N(ω1 , ω2) is the 2D-DFT of n(x , y). This function can be subjected to a threshold if needed, based on
the task in hand [85,86]. The approach implemented through Inverse filter would only be successful if the
exact noise model is known beforehand. This is nearly impossible for blind image denoising. Additionally,
it is sensitive to additive noises. The solution to this came as Wiener filter. Wiener filter, inverts the blurring
effects after dealing with the additive noise in the image. It is a communion of Inverse filter and smoothing
so it composed of two separate parts as [87–89]

W ( f1 , f2) =
B∗( f1 , f2)Px( f1 , f2)

∣B( f1 , f2)∣2Px ( f1 , f2) + Pn( f1 , f2)
(11)

Px ( f1 , f2) , Pn( f1 , f2) are the power spectra of image and the noise respectively. B is the blurring
function. If all the functions in above equation are predicted accurately then consequently, the filter performs
well. So, Wiener filter is a simple filter with output error controlling capability. However, it is a spatially
invariant, not so effective denoising approach [90,91].

In [92], DWT was used parallelly with Wiener filter to denoise MRI and CT images while simultaneously
enhancing the images. Similarly, in [93] and [94], the proposed methodology employed a cascaded configu-
ration of the Dual-Tree Complex Wavelet Transform (DTCWT) to generate distinct frequency bands for the
purpose of analysis. The outcome exhibited better balance in terms of smoothness and accuracy compared
to the Discrete Wavelet Transform (DWT), while also demonstrating reduced redundancy in comparison to
the Stationary Wavelet Transform (SWT). N. Jacob and M. Kazubek previously showed the use of the Wiener
filter in conjunction with wavelets in [87] and [95] to eliminate Additive White Gausian Noise (AWGN) from
general images, and this use was later extended to medical images. In [96], author presented a simple and
effective Wiener filtering (WF)-based iterative multistep image denoising method that used the denoised
image as input. The denoising process ended when image energy adapted to a circumstance. This technique
effectively removed noise while preserving edges. Weiner filter based on Neutroscopic Set approach were
also used to denoise MRI images. In this technique Wiener filter was used on True and False membership
sets to reduce the indeterminacy and remove Rician noise from MRI images [91].
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The domain transform filtering is aimed towards preserving the geodesic distance between curve’s
points. The input signal is adaptively warped so that an edge-preserving filtering can be implied in real time.
For this an isometry between the curves is defined. It is an fast iterative process applied to original samples
of an image, targeted to achieve an optimum trade-off between convergence and operation of smoothing.
The domain transform filter is also capable of working on arbitrary scales of an image in real time and its
kernel stops operation at firm edges. Despite of these advantages, the domain transform filter was rotationally
invariant. So, applications like content matching are not feasible with this kind of filtering. While the domain
transforms filter deals with the �1 norm, �0 norm minimization filtering can also be used which produces
more sparser and sharper results. The �0 norm measures the sparsity, with complicated optimization problem
and it is known that many regular objects are capable to be defined as piece-wise smooth surfaces with
considerably lesser number of features. So, this method is capable of producing more accurate results as
compared to �1 and �2 norms. The �0 norm is defined as the total number of non-zero elements as [97–99]

∣x∣0 = ∑
i

num{xi ≠ 0} (12)

An arbitrary noisy signal ˆ can be denoised by optimizing for and minimizing

min∣ − ˆ ∣2 + λ∣D( )∣0 (13)

where, D is the differential operator and λ controls the smoothing. This optimization has also been used
for anisotropic smoothing of surfaces (mesh denoising) [100]. The convergence of this optimization is fast
and more iterations are generally needed for higher levels of noise present in the image. From analysis it is
evident that this filter is a good edge-aware filter but it fails when noise levels are very high. The �0 norm fails
to distinguish between a feature and a noise component in those situations and this tends to over sharpen or
over smooth the image [101–103].

In previous works the notion of an edge or an high frequency detail was based on large difference
values or large gradients and different contrasts. According to this notion, fine details or textures having fine
scale tend to be ignored. The property that differentiates key edges from textural details, called oscillations,
were captured by the new multiscale decomposition method based on local extrema [104]. It is a non-
linear approach for effectively extracting fine-scale details irrespective of their contrast. According to local
extrema based decomposition, the details are defined as fine-scale oscillations between local extrema. So,
in this method, smoothing is performed recursively at multiple scales with extrema detection. As a result,
high contrast textures are smoothed without affecting salient edges. This makes it an efficient approach for
multiscale decomposition [104,105]. The linear and some of the non-linear filtering processes introduced
halos in the filtered results. This was due to the inability of the filter to differentiate between fine details
because of relative nearness of those details with each other. When filter couldn’t differentiate what to filter
and what not to filter, halos are generated at the boundaries of the objects having very fine and closely located
details. Weighted Least Square (WLS) filter solves this problem by minimizing the cost function, depicting
the difference between the noisy image and its smoothed version. The weighted square error equation which
is required to be minimum is given as

E = ∫
0

−∞
[I (x) − F (x)]2 H(x) (14)

I (x) is the original image, F (x) is the filtered version and H (x) is an error weighted function which
is arbitrarily chosen. WLS filter is very suitable for small and varying datasets but an estimate of the weights
should be known to effectively deal with small features. In addition, WLS filtering is sensitive to outliers.
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When a wrong weight is given to a rogue outlier, it could produce skewed results [106–109]. It has also been
used in medical image fusion [110].

In the realm of image denoising, the process of optimization in image processing entails the identifica-
tion of the most optimal solution to a given problem, as determined by a pre-established objective function.
The objective of optimization algorithms is to iteratively adjust model parameters in order to minimize or
maximize a given function. Optimization is frequently employed in the field of image processing to identify
optimal parameters that result in improved image quality, encompassing the reduction of distortion and the
enhancement of details. In contrast, regularization in the field of image processing entails the incorporation
of constraints or penalties into optimization problems in order to enhance the quality of outcomes. The uti-
lization of this technique serves the purpose of mitigating overfitting, diminishing noise, and augmenting the
visual fidelity of images through the facilitation of specific attributes. Regularization techniques encompass
various methods such as L1 regularization (also known as Lasso) [101], L2 regularization (commonly referred
to as Ridge) [111–113], Total Variation (TV) regularization, and additional approaches. Complex image
processing problems are solved via regularization and optimization. In image deblurring, an optimization
method finds the optimal image that minimizes the blurred image’s difference from the predicted sharp
image. Regularization terms can be applied to this optimization issue to smooth the sharp image and prevent
deblurring artifacts.

One such approach adopted over time to improve the denoising is by regularization of the algorithm
called Gradient Descent (GD). Gradient descent is a widely employed optimization algorithm utilized in the
process of minimizing a loss function while training machine learning models. The problem is associated
with finding a minimum y∗ ∈ RN of a function f (can be seen as similar to the cost function) defined in
RN → R. Due to presence of many local minima, the minimum value may not be unique but the goal is to
start with a minimum value and then slowly converge the algorithm towards the global minimum value. The
simplest gradient descent method can be written mathematically as [114,115]:

yn+1 = yn − τ∇ f (yn) (15)

τ is the step size and it is assumed that initial term y0 is available. So, instead of finding the points we find
image sequences for function F∶X → R, where, X is the smooth function’s space for images. The function
F is considered as the addition of two terms F = F1 + F2 where F1 is the fidelity and F2 is the regularization
used. The fidelity term keeps the final image nearby the initial image and the regularization term reduces the
noises and deformities. The most common fidelity term used is convex functional given as

F1 (y) = 1
2
∣∣y − y0∣∣2 =

1
2 ∫ ∣y (i) − y0(i)∣2di (16)

The regularization function is

F2 (y) = 1
2
∣∣∇y∣∣2 = 1

2 ∫ ∣∇y(i)∣2di (17)

The task is to find minimum value of function F such that

min
y∈X

1
2 ∫ ∣y (i) − y0(i)∣2di + λ 1

2 ∫ ∣∇y(i)∣2di (18)
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The value of λ is always greater than zero and it is rate fidelity-regularization parameter. Now, the
gradient of F gives

∇F (y (i)) = y (i) − y0 (i) − λΔy(i) (19)

Putting this value in Eq. (15) gives

yn+1 = yn − τ(yn(i) − y0 (i) − λΔyn(i)) (20)

The linear regression model loses its accuracy when the feature coefficients are reduced. The loss in
accuracy is compensated with the “Bias” of model equation. This bias does not depend on feature data.
Regularization is one of the ways to tweak the bias according to situation. In this paper, the regularizations
explored are Beltrami regularization (BR) [116], regularization with Disc or quadratic priors (QP) [117,118],
Huber priors (HP) [119], Log priors (LP), Total Variation (TV) [120,121], etc. All regularization produced
different results both visually and parametrically. In total variation (TV), the regularization term is replaced
by

F2 (y) = ∫ ∣∣∇y (i) ∣∣di (21)

And its gradient is given by

∇F2 (y) = ∇y (i)
∣∣∇y (i)∣∣ (22)

All the regularization priors have their own advantages and disadvantages but their operation is totally
application dependent.

In the context of medical images, Gradient Descent has been used to match the observation (known
as deep image prior) where a randomly initialized convolutional network was used for the reconstruction
image’s parametrization [122]. Furthermore, in [123], authors offered a total variation-based edge-preserving
denoising algorithm. Their model functional contained a unique edge detector built from fuzzy complement,
non-local mean filter, and structure tensor to solve the issues like staircasing effect and detail loss originating
from denoising models like Rudin-Osher Fatemi [124].

The Co-occurrence filter (CoF) is based on Bilateral filter. In bilateral filter, a Gaussian is used on the
range values to preserve strong edges whereas in CoF, co-occurrence matrix is used [125–127]. The co-
occurrence matrix consists weights according to the frequency of co-occurrence of pixels in an image, i.e.,
frequently occurring pixels have high weight values and vice versa. The filtering process is then carried out
according to these weights. CoF is suitable for images with high graphics and differentiable textures but it is
not suitable for images with high noise levels [128–130]. Table 1 shows the various regularization techniques
that are used for image denoising.

Table 1: Various regularization techniques used in image denoising

Regularization Info Description
Total Variation

(TV) [102,103,121,124,127],
Idea Promotes the utilization of a sparse gradient, thereby yielding

piecewise constant or cartoons images.

(Continued)
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Table 1 (continued)

Regularization Info Description
Pros • Effective in preserving edges and piecewise homogeneous regions.

• Efficient for images with sharp transitions
Cons • Produces staircase artifacts.

• Tends to over-smooth fine textures.
Usage • TV denoising

• Anisotropic diffusion
L0

(Sparse) [131–133]
Idea To promote sparsity in a solution by imposing a penalty on the count of

non-zero elements.
Pros • Simplifies the denoising process by producing sparse coefficients.

• Adaptive noise reduction
• Suitable for important feature selection.

Cons • Complex optimization due to Computational intensiveness.
• Sensitive to parameters.
• Introduces blocky artifacts.

Usage • L0 denoising
L1

(Lasso) [100,103,131,134,135]
Idea Promotes sparse non-zero pixel values

Pros • Useful for images with limited structural information
Cons • Fails to preserve fine textures

• Can’t differentiate between edges and noise
Usage • Sparse coding

• Compressive sensing based denoising
L2

(Ridge) [111–113]
Idea To promotes smaller pixel values for image and prevent overfitting.

Pros • Suitable when image details are of lesser importance
• Stable solutions
• Prevents overfitting
• Less sensitive to outliers than L1

Cons • Scale sensitivity of features
• Might lose fine structures
• Not as aggressive as L1 regularization
• Smaller weight bias

Usage • Image denoising
• Tikhonov regularization
• Wiener filtering
• Neural Networks and Support Vector Machines

Huber [119,136] Idea A compromise between Lasso (L1) and Ridge (L2) regularization to
achieve balance between sparsity and robustness.

(Continued)
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Table 1 (continued)

Regularization Info Description
Pros • Robustness to outliers

• Suitable to all kinds of data due to a smooth transition of Huber
loss function between L1 and L2 norms.

• A balanced approach for sparsity and stability
Cons • To achieve right balance between L1 and L2 norms, tuning of

hyperparameters is required
• Interpretability is a challenge
• Optimization is more complex

Usages • Machine learning
• Huber prior based denoising
• Regression analysis

Beltrami [116,137,138] Idea The approach relies on the utilization of the Beltrami flow concept,
which constitutes a differential equation capable of facilitating the
evolution of images while preserving specific desired characteristics.

Pros • Preserves structures and edges
• Anisotropic filtering
• Introduces a non-linear transformation facilitating complex

variations and feature handling.
• Better interpretability

Cons • Computationally complex
• Requires tuning of hyperparameters

Usage • Texture enhancement
• Image denoising
• Image segmentation
• Medical image enhancement

Variational [139–
143]

Idea The objective is to reduce the disparity between the observed image
data and the reconstructed image. Mathematically, Minimize: Data
fidelity term + Regularization term where, data fidelity term quantifies
the degree of correspondence between the reconstructed image and the
observed data and regularization term enforces desired properties.

Pros • Flexible framework
• Can be customized according to the application
• Adaptability

Cons • Depending on the regularization term it can introduce blurring
artifacts in the image

• Computationally complex
• Hyperparametric tuning required

(Continued)
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Table 1 (continued)

Regularization Info Description
Usage • Image inpainting

• Image super-resolution
• Image segmentation
• Image denoising and deblurring

TV-
Bregman [144,145]

Idea Combined Total Variation (TV) regularization with Bregman iterative
algorithm. The Bregman technique is used to effectively tackle
optimization issues, and total variation regularization promotes
piecewise smoothness in pictures.

Pros • Effective in preserving edges
• Helps in mitigation of artifacts introduced during acquisition

or processing
• Efficient due to faster convergence of Bregman’s algorithm
• Provides anisotropic smoothing which adapts to local structures

Cons • Computationally complex
• Parameter tuning required

Usage • Image denoising and restoration
• Image inpainting
• Image deblurring

Patch
based [146–150]

Idea Patch-based regularisation processes tiny local areas (patches) in the
image. Patch-based approaches treat the images as overlapping or
non-overlapping patches instead of the whole image. These patches are
handled independently to achieve denoising, enhancement, or other
image processing purposes, sometimes utilizing regularization.

Pros • Local adaptation makes it effective in areas with varying textures,
noise levels or structures

• Can preserve fine details
• Robust to different types of noise
• Computationally efficient

Cons • Introduce blocky artifacts at patch boundaries
• Requires parametric tuning
• Results in global context loss

Usage • Image denoising using Block Matching and 3D filtering (BM3D),
Non-Local Means (NLM), Collaborative filtering, Patch Group
Prior, Adaptive manifold filtering, Block Matching and Wiener
Filtering (BMWF), K-SVD, Patch Ordering Regularization
(POR), etc.

• Image Inpainting
• Texture enhancement
• Image Super-resolution

(Continued)
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Table 1 (continued)

Regularization Info Description
Prior

based [151–154]
Idea Prior-based regularization improves the quality of images by using

prior information of the underlying image. The optimization problem
is modified by adding a prior term, usually statistical or contextual. To
lead the solution toward a more plausible image that matches the data’s
known qualities.

Pros • Prior knowledge incorporation facilitates integration of
domain-specific knowledge

• Achieves effective enhancement and structure preservation
enforcing prior knowledge

• Priors can be modified according to the image characteristics to
get best results

Cons • Accurate modelling of prior knowledge can be difficult
• Over-dependence on best priors might limit the solution
• Tuning of parameters required

Usage • Image Inpainting
• Image Super-resolution
• MRI reconstruction
• Image deblurring and denoising

Deep Learning
based [155–158]

Idea It uses neural networks and deep learning to regularize problems. It
uses neural networks to learn complicated patterns and features from
data while reducing overfitting and improving generalization.

Pros • Can automatically learn about significant features
• Can adapt to different data types
• Can capture complex patterns present in the data
• To mitigate overfitting techniques like weight decay, dropout and

batch normalization can be used
• Pre-trained models can be used to regularize other tasks

Cons • Large amount of data is needed to train deep learning model
• Parameter tuning required
• The models can lack interpretability, making it difficult to

understand their decision making process
• Computationally very intensive

Usage • Image denoising
• Image segmentation
• Image super-resolution
• Natural Language Processing (NLP)
• Medical image analysis

Also, the Haralick feature matrix is large in dimensions, consuming high memory space [159]. There
exists a practical relevance of variational solver’s approximations in image processing. While the diffusion
or Lagrange equation based solvers are slow and restricted in their performance, the filter based variational
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energy reduction was an efficient solution. This approach was termed as Curvature filtering. It was based on
reduction of regularization with non-increasing energy, applicable to models dominated by regularization
with increasing data-fitting energy and decreasing regularization energy. In curvature filtering, discrete
filtering is applied to evaluate images with reduced energy for variational models, dominated by regulariza-
tion with the help of Total variation (TV) or Curvature regularization. This helps in design of faster filters
with lesser regularization [160,161]. Despite these pros, this filtering is unstable for certain parameters and
may induce artifacts and over-smoothness with lost details. In Savitzky-Golay filters (S-GF), smoothing is
achieved when data points adjacent to each other are successively fitted with a polynomial of lower degree
with the help of a method called local linear least squares. An analytical solution to the problem of least
squares is found when data points are spaced equally. The solution is a set of coefficients which are used to
perform convolution with data-sets to provide the estimates of the smoothed signal. Tables of coefficients
based on different polynomials were published by Abraham Savitzky and Marcel Golay in 1964 [162–165].

Another filter based on the composition of linear operators and non-linear morphological operators
called Bitonic filter was proposed in [166]. This filter was better than median filter in terms of preserving
edges and had robustness in its operation because it can be applied to a wide variety of signal with different
types of noises. It inherently assumed that signal is bitonic, i.e., having a single maxima or minima in the
filter range. The main achievement of this filter was that it was able to reduce noise in different areas of an
image containing consistent regions and discontinuities without introducing any additional artifacts and
deformities because of independence from data sensitive parameters which helped the filter to locally adapt
to noise levels in the image. It also do not require any prior knowledge of the characteristics of the noise
present. The tests on various datasets revealed that bitonic filter is efficient in reducing non-uniform noise
distributions while preserving edges in a non-iterative way. The filter was faster, stable and not dependent
on parameters like anisotropic diffusion, Non-local Means (NLM) and Guided filter, etc. [166,167]. On the
other hand, it is sensitive to structuring element’s shape. Three other variants of bitonic filter were proposed
later as an improvement over the standard bitonic filter. These variants were the Structurally Varying Bitonic
filter (SVB), Multi-resolution Structurally Varying Bitonic filter (MRSVB) and Locally Adaptive Bitonic Filter
(LABF) [168]. The LABF was proved to be better than even BM3D filtering for higher levels of Additive
White Gussian Noise (AWGN). These evolutions of bitonic filter combined anisotropic Gaussian operator
with robust morphological operation. These morphological operations were kept structurally varying to deal
with the situation of sensitivity towards structuring element. The multi-resolution framework improved the
results even further [168,169].

The Kuwahara filter is an adaptive non-linear filter named after Michiyoshi Kuwahara and developed
for processing and analysis of angiocardiographic images. In Kuwahara filter, mean μi(x , y) and standard
deviation σi(x , y) of the areas centred near a pixel (x , y) are used to calculate the value of the central
pixel for instance, the output Φ(x , y) of the filter for a point (x , y) is given by Φ (x , y) = μi(x , y) where
i = arg min

j
σ j(x , y). The output is the intensity value which is mean of the most homogeneous area. The

edges and other intensity variations are determined by the standard deviation. Since, the intensity varies
from dark to light or vice versa, if a pixel is located on the lesser intensity side then output pixel takes the
value mean value of the darker region. Kuwahara filters are widely used in fine-art photography because it
removes textures and sharpen the edges [170,171]. However, two regions having same standard deviation are
not taken into account and the centre pixel value is decided according to the noise present in the region. If the
regions having different means have same standard deviation, this makes the filter vulnerable to noise. It also
creates block artifacts in the regions of the images with high textures. These artifacts ruin the aesthetics of the
image and disturb the smoothness. Fortunately, solution to this problem came by replacing the rectangular
windows with circular windows. The success of the Kuwahara filter encouraged further research and proposal
of extensions which were improved in speed and operation [171].
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The Partial Differential Equation (PDE) based smoothing became popular after proposal of Anisotropic
diffusion filtering or Perona-Malik diffusion filtering. This filtering was proposed to smooth the images
without affecting the “semantically meaningful” edges. PDEs offer several advantages in image processing
and computer vision field. PDE based methods help in finding stable algorithms with well-posed scenarios,
allowing reinterpretation of classical techniques under a unifying, continuous and rotationally invariant
framework [172–176]. PDE based smoothing techniques can also offer more invariance as compared to the
classical techniques and, describe new ways of enhancement of line-like, coherent structures, preserving
structures and simplifying shapes. The general diffusion equation is given as [173,177]

∂t I = div(D.∇I) (23)

D is the diffusion tensor and ∇I is the concentration gradient of an image I.
Fig. 4 shows the anisotropic diffusion filtering by using different conduction coefficients. In the context

of image filtering, the concentration of grey value at certain locations is considered. Based on the above
explanation, the direction of filtering can be taken towards either linear diffusion filtering or non-linear
diffusion filtering. The problem associated with linear-diffusion filtering was that, it dislocated edges while
moving from finer scale to coarser scale in scale-space representation. So, identified structures did not
provide the right location which could be traced back to the original image at coarser scales. Therefore,
Perona and Malik proposed a non-linear diffusion technique to prevent localization problems of linear
diffusion filtering techniques. The diffusivity is reduced by applying an inhomogeneous process, at locations
where there is maximum likelihood of existence of an edge. They introduced a scalar-valued diffusivity
instead of a diffusion tensor as

∂t x = div(g ∣∇x∣2∇x) (24)

Or, as Perona-Malik wrote it

∂I
∂t
= div (c (m, n, t)∇I) = ∇c ⋅ ∇I + c(m, n, t)ΔI (25)

In the above equation, ∇ is gradient and Δ is the Laplacian operator. c is the conduction coefficient
and it controls the rate of diffusion. Perona and Malik proposed two functions for c. These functions can be

written as c1 = e
−
⎛
⎜
⎝

∣∣∇I∣∣
κ
⎞
⎟
⎠

2

and c2 = 1/(1 + (∣∣∇I∣∣
κ
)2) where, κ (Kappa) is the sensitivity parameter which

controls the smoothing at edges. We have tested smoothing with both of the conduction coefficients with
names “AnisDiff1” and “AnisDiff2” in experimentation to provide a glimpse into the working and difference
between the two. On the same note, Fourth-Order Partial Differential Equation (FPDE) based denoising is
also applied on the noisy images [172,176]. The PDE based methods are comparatively faster and provided
least number of artifacts in the resultant images but to achieve this, there are many parameters which need
to be optimized before carrying out the filtering process which is tedious task [178–180].

In local mean filter, mean of the pixels in a fixed sized window is taken to smooth the image. Unlike
local mean filter, Non-Local Means (NLM) filter considers the mean of all the pixels in an image. This results
in a clear image with less loss of details. The discrete NLM algorithm for an image I is given as

F (i) = 1
W (i) ∑j∈I

r( j)G(i , j) (26)
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Figure 4: Anisotropic diffusion filtering using different conduction coefficients

where,

W (i) = ∑
j∈I

G(i , j) (27)

G(i , j) is a Gaussian weighting function given as

G (i , j) = e
−
∣μl ( j) − μl (i) ∣2

h2 (28)

h is the filtering parameter μl is the local mean.

μl (i) =
1

∣N (i) ∣ ∑p∈N(i)
r(p) (29)

∣N (i) ∣ is the number of pixels in a region N surrounding pixel i [181]. The general NLM filter is very slow
due to large computations involving calculating mean of whole image. Many improvements were proposed
later to not only improve the speed but also the performance of the filter. One such improvement was Noise
Adaptive Switching Non-Local Means (NASNLM) filter employed for high density noises present in an image
in which small patches in the search window are taken into account and those patches are then used to
determine the weights [182].

Anisotropic diffusion and NLM filtering are two very well researched techniques in the domain of
image denoising and restoration due to their robustness and excellent outcomes. In the context of medical
images they have been used not only for denoising but for enhancement also. In [183], a Lattice-Boltzmann
method based anisotropic diffusion model was proposed to address the instability problem of conventional
anisotropic diffusion model. The proposed model was not only faster but more efficient than the model
presented by Perona-Malik in [178]. In [184] and [185], anisotropic diffusion filter was used with wavelet
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transform to eliminate various types of noises from medical images. Additionally, anisotropic diffusion
filtering method has been extensively explored for the denoising of Ultrasound images also.

NLM filter has shown promising results in reducing noise while preserving important details in various
medical imaging modalities such as MRI, CT scans, and ultrasound. Additionally, the Non-local Means
filter has been found to be effective in improving the accuracy of image analysis tasks like segmentation and
registration in medical imaging applications. In 2006, faster and optimized version of NLM was used to filter
3D MRI images. The proposed methodology leveraged the inherent redundancy of information within an
image to effectively eliminate undesirable noise [186]. An adaptive version of NLM was later used in [187]
to denoise medical images. The proposed methodology utilized the singular value decomposition (SVD)
algorithm and the K-means clustering technique for the purpose of robustly classifying blocks within images
that are affected by noise. In [19] and [188] again, NLM was used to denoise medical images. In [189–191],
NLM was used in hybrid with Bilateral filter, PCA and Sparse coding respectively to assist NLM to effectively
denoise CT and MRI images. These hybrid techniques were meant to address the limitations and trade-offs
between the different denoising techniques employed.

3.3 Frequency Domain Filtering
Frequency domain filtering is based on transforming the image to frequency domain and then applying

an appropriate thresholding operation to choose relevant coefficients and then applying inverse transform
to bring back the image in spatial domain. The basis of filtering in frequency domain is Multi-Scale
Decomposition (MSD), a technique frequently used in image fusion algorithms [192,193]. In all major
frequency domain techniques like Wavelets, Shearlets, etc., the image is first decomposed into its low
frequency approximate and high frequency detail sub-bands. The approximate sub-band is coarser and high-
frequency detail sub-bands and relatively finer. As the noise affects only the finer sub-bands, thresholds are
applied to those high-frequency sub-bands, keeping coarser level as it is. Finally, the image is recovered back
by applying inverse of the transform initially applied. This type of strategy is very helpful in understanding
the dynamics of the noise and often very useful in removing a variety of noises. Some noises like periodic
noises are removed efficiently only by frequency domain filtering. In most basic frequency domain operations
like Fourier Transform (FT), Discrete Cosine Transform (DCT), images are just transformed and then
thresholding operation is applied to the coefficients [194,195]. The various thresholding techniques are
discussed in later section.

Fig. 5 shows the multi-scale decomposition using spatial filtering. In FFT denoising, the image is first
transformed to frequency domain using Fast Fourier Transform (FFT), then a fraction is decided for the
coefficients which are to be kept. The rest of the coefficients are discarded and after that the image is
reconstructed back. The Inverse filtering is explained in earlier sections, K-space filtering and Point Spread
Function (PSF) are some of the techniques based on FT [196–198]. The K-space filtering is an extension
of the Fourier concept and it is defined by frequency and phase space of data [199]. Similarly, the PSF is
used to characterize the distortions in an image caused by the system and then it helps in designing an
appropriate image restoration algorithm. This helps in improving the spatial resolution of the image [197]. In
Shape Adaptive Discrete Cosine Transform (SADCT), orthonormalization of set of generators constrained
to randomly shaped area of interest is considered. These generators act as basis for separable Block-Discrete
Cosine Transform (B-DCT), thus forming “Shape Adaptive” Discrete Cosine Transform. Gram-Schmidt
procedure is used to perform orthonormalization with support on the region. This method was quite
costly in terms of computations hence, more speedy solution were sought and they didn’t require iterative
orthogonalizations or costly matrix inversions [200]. In [201], DCT was used with Ant Colony Optimization
(ACO) algorithm to effectively denoise medical images.
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Figure 5: Multi-scale decomposition using simple spatial filtering

The Fourier transform suffered with the problem of non-sparsity, time-frequency localization and lower
speeds. This changed with the introduction of Wavelet Transform. In Fourier transform, sines and cosines
are used as basis-functions, for representation of signals. In wavelet transform, fast-decaying, finite length
oscillating functions called “mother wavelets” are used as basis-functions. From these, smaller versions called
“daughter wavelets” are derived, which are used for the representation of the signal. Mathematically, the
continuous wavelet transform can be expressed as [202]

W (s, p) = ∫
∞

−∞
f (x)ψ∗(s , p)(x)dx (30)

These orthogonal basis functions help in sparsely representing the signal. They follow the principle
of orthogonality which says that the inner product of two orthogonal vectors or functions is always zero.
Mathematically, < f , g >= 0 or ∫

n
m f (x)g(x)dx = 0 where f and g are two orthogonal functions existing in

the interval [m, n]. Using this wavelet coefficients can be obtained by inner product of the function with a
mother wavelet as [203,204]:

Ws , p =< f , ψs , p > (31)

The mother wavelet functions can be defined as:

ψs , p (t) = 2−sψ ( t − 2s

2s ) (32)

Scaling function is given as:

ϕs , p (x) = 2
s
2 ϕ(2s x − p) (33)
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And the transformed signal can be reconstructed as

f (x) = ∑
s , p

Ws , pψs , p(t) (34)

S. Mallat proposed an orthonormal filter bank based multi-scale/multi-resolution representation frame-
work for images in [205,206]. Orthonormal low-pass and high-pass filter banks were used separate the
images based on the frequency content present in the images, in that framework. These separated sub-
bands are then subjected to thresholding operation to remove the noise present within. The factors that
influence the performance of the Wavelet transform are the choice of mother wavelet, levels of decomposition
and the type of thresholding applied. Availability of different types of mother wavelets viz. Daubechies
(db), Haar (db2), Biorthogonal (bior), Reverse Biorthogonal (rbio), Symlet (sym), Coiflet (coif), Fejer-
Korovkin (fk), etc. provide flexibility in terms of operation. A suitable “mother wavelet” can be chosen
based on the requirement while choosing an optimum level of decomposition is also very important [204–
208]. The wavelet transform evolved over time with introduction of Dual Tree Complex Wavelet Transform
(DTCWT) [209], Curvelets [210], Contourlets [211] and Shearlets [212,213]. These transforms tried to achieve
more directionality, shift invariance and better artifact mitigation capabilities. In the realm of signal process-
ing, the Dual-Tree Complex Wavelet Transform (DTCWT) overcomes the challenge of shift-variance that
plagues conventional wavelet transforms. Conversely, Curvelets, a specialized transform, exhibit remarkable
prowess in effectively representing and analyzing curved features within images. Contourlets, conversely,
were designed with the primary objective of capturing and representing continuous contours and boundaries
within images, thereby rendering them highly advantageous for the execution of intricate operations
such as image segmentation and object recognition [203]. Table 2 summarizes the various wavelet based
denoising techniques.

In a parallel manner, Shearlets were devised to effectively address the anisotropic characteristics present
in images, encompassing edges and textures, through the acquisition of their directional attributes across
various scales. The recent progressions in wavelet transforms have significantly enhanced the precision and
efficacy of algorithms used in signal and image processing. This has facilitated the ability to conduct more
meticulous analysis and manipulation of intricate data. The main type of artifact arousing from X-lets is
ringing artifact due to Gibbs phenomena. Ringing artifacts occur at sharp discontinuities in image due to
finite approximations. Better noise reduction was also achieved by adopting optimum sets of parameters
in Self-Organizing Migration Algorithm (SOMA). In SOMA, parameters like levels of decomposition, type
of wavelet, and the type of thresholding were found for wavelet shrinkage denoising to achieve maximum
performance [243]. This algorithm is fairly explored in [243–246].
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The Wavelet transform successfully encodes the energy of the signal into fewer significant coefficients
with remaining insignificant coefficients related to the signal independent noise. In threshold system for
denoising, the threshold is required to separate the structural information from the noise. But practically it
tends to over-smooth the signal. The efficiency of the denoising algorithm depends on the effective modelling
of the inter-scale and intra-scale dependencies between the decomposition levels, presented by the Wavelet
transform. Several techniques aimed at exploitation of these dependencies to improve their performance.
Additionally, the imposition of down-sampling on Wavelet transform makes it translation variant [13]. As a
result of this, visual artifacts in the form of Gibbs phenomena are introduced in the image. To address these
issues, in [247], Linear Minimum Mean Square Error (LMMSE) was used for wavelet coefficients in place
of soft thresholding. LMMSE scheme achieves efficiency by reducing the statistical estimation error through
adaptive spatial classification of Wavelet coefficients. Despite being suitable for the denoising of many images,
it proved to be unsuitable for weakly correlated images in the scale space.

Block Matching and 3D filtering method is a state-of-the-art image denoising technique proposed by
Dabov et al. in [248]. BM3D is the one of the best techniques for denoising available till now. It is a transform
domain technique based on enhanced sparse representation. Grouping of similar 2D image patches (blocks)
to form 3D groups is done to achieve enhanced sparsity. After that, collaborative filtering is done on these 3D
groups in three steps viz. transformation, shrinkage and inverse transformation. The collaborative filtering
outputs revels the finest details shared by the groups, simultaneously preserving unique features present
in each block [247]. In [249], BM3D and other state-of-the-art techniques were used and compared on
MRI images. It was found that Unbiased Non-Local Means filter and BM3D hyrid with Spatially Adaptive
Principal Component Analysis performed better than the other techniques. Pulse Coupled Neural Networks
(PCNN) are 2-dimensional neural network, modelled using the cat’s visual cortex system. Its proposition
goes back to 1989 when the concept of linking field was explained by Reinhard Eckhorn through which a
correlation between attribute linking and perceivable functions could be set up [250,251]. Then after 1994, this
neural model was adapted in image processing with name PCNN and till now it has found its application in
various fields of image processing and computer vision like motion sensing, feature retrieval, segmentation,
enhancement, restoration, fusion, region growth and denoising, etc. What makes this network attractive for
computer vision application is its inspiration which comes from the operation of neurons in the primary
visual field. So, in context of an image a pixel is represented by a neuron in PCNN. The color information is
taken as an outside stimulus and the local stimuli is received from the surrounding neurons by setting up a
connection. Then these stimuli are merged in an activation system and an output pulse is generated when the
combination reaches a decided threshold. A time series of pulse outputs is generated by iteratively repeating
this process. Then different functions are carried out using that time series [251,252].

A simplified version of PCNN known as spiking cortex model was also introduced in 2009. The
threshold function for the PCNN is an evolution of neural analog threshold given as

Φmn (i) = e−α0 Φmn (i − 1) + Vϑ Δmn (i − 1) (35)

where, Vϑ contributes in controlling the threshold and e−α0 is the factor by which the threshold decays.
Besides this, a linear decay can also be used to decrease the threshold as

Φmn (i) = Φmn (i − 1) − σ + Vϑ Δmn (i − 1) (36)
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Here, σ being the constant decay factor. Also, the activation function can be defined in two ways by
using either sigmoid or radial basis functions as

Δmn (i) =
1

1 + e−γx Γmn(i) (37)

and

Δmn (i) = eΓ2
mn(i) (38)

PCNN is a non-linear denoising method with a slow response and parameter dependence [251].
In Total Variation (TV) regularization, it is assumed that the signal with too much irrelevant details

have high total variation. This means that absolute gradient’s integral is high. So, minimum total variation is
aimed in case of image smoothing by simultaneously preserving relevant edges. A general TV-Lp norm-based
image denoising equation can be given as

y = arg min
y
(∫ ∣∇y∣dx + λ

p ∫ ∣Ky −w∣ppdx) (39)

where, y0(x) is the original image, y(x) is the restored image, w(x) is the noisy image such that y0 (x) , y(x)
and w(x) ∈ R. ∣∇y∣ =

√
∑i(Dxi y)2, and ∣.∣p is the Lp norm. D is the derivative, K is the filtering or identity

operator and λ is the parameter for regularization. When p = 1, it becomes TV-L1 denoising and in case of
normalized image λ is kept between 0 and 1 as 0 < λ ≤ 1. It is also a n-n-convex model, good for removal of salt
and pepper noise with better contrast and feature preservation. On the same note, Non-Local Generalized
Relative Total Variation (NLGRTV) based denoising was proposed as an improvement in standard TV based
denoising. In NLGRTV, the norm of penalty function is extended from 1 to [0, 1] and an altered texture
measure is used as varying spatial penalty weight [253].

Total variation (TV) regularization based image denoising techniques are explored extensively for
medical images. In 2006, a new denoising scheme based on TV minimization and wavelets was proposed
for medical images [218]. Later in 2011, by examining the needs of medical image characteristics from the
perspective of image denoising, a denoising algorithm based on partial differential of total variation was
presented [129]. Subsequently, a new technique based on TV was proposed for medical images corrupted
by Poisson noise. The study formulated the denoising issue using Bayesian statistics. This was done by
establishing a nonnegativity-constrained minimization problem. This problem’s objective function had two
terms: the Kullback-Leibler divergence for data fitting and the Total Variation function for regularization.
The regularization parameter weighted the term. This paper aimed to propose a powerful computational
method for tackling the constraint issue. The Newton projection method resolved the internal system using
the Conjugate Gradient approach. This approach was preconditioned and optimized for the application [127].

Later on, many more techniques based on TV were proposed specifically for the denoising of medical
images, e.g., [3,120,254,255]. In [120], simple TV regularization was used to denoise medical images whereas
in [3] and [255] TV regularization is used along with Curvelet transform and Anscombe transform
respectively to carry out the denoising process. These hybrid methods produced excellent result in effectively
reducing the Poisson noise problem prevailing in medical images. In [254], Fractional order TV was used
with alternating sequential filters to achieve fusion of noisy medical image modalities. Dang NH Thanh in
presented an excellent review and a comprehensive analysis of several significant techniques for Poisson noise
removal in medical images. These techniques included the modified TV model approach, the adaptive non-
local total variation method, the adaptive TV method, the higher-order natural image prior model approach,
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the PURE-LET method, the Poisson reducing bilateral filter, and the variance stabilizing transform-based
methods [7].

Markov properties are the properties, followed by a set of random variables called undirected graphical
fields. These fields are also called Markov Random Fields (MRF) [256]. In terms of representation of
dependencies, MRF is very similar to Bayesian network. The only difference that exists is that the Bayesian
networks are acyclic and directed. A random variable forms an MRF if local Markov properties are satisfied.
There are these properties named, Pairwise Markov property, Local Markov property, Global Markov
property. In these properties, dependencies of the variables with respect to other variables are declared.
The Global Markov property is strongest, followed by Local Markov Property, followed by Pairwise Markov
property. Performing a full Maximum-A-Posteriori (MAP) for inference in MRF is very slow [257,258]. To
address this problem a suboptimal inference algorithm called Active Random Field (ARF) was proposed by
Adrian Barbu in [259]. It is a combination of Markov and Conditional Random Fields. The ARF provides a
strong MAP optimum with lower number of iterations and it avoided overfitting by employing a validation
sets to detect overfitting. Results showed that the one iteration Active Field of Experts (FOE) was as efficient
as 3000 iteration FOE.

The prior modelling of an image is used in many computer vision applications. These prior models
are used whenever there is noise and uncertainty in picture. The prior models are also known as depth
maps or flow fields. For low level vision problems, methods are developed for learning priors. The priors
are then computed for large neighbourhood systems, and for that sparse image patch representations are
exploited. One of the important methods for sparse coding is Gaussian Mixture Models (GMM) [161,260]
and Generalized Gaussian Mixture Models (GGMM) [261]. The models of prior probability are called Fields
of Experts (FoE) [262]. In other words, Fields of Experts are used to model natural images for which the
standard database of natural images is trained. Due to large dimensions of images and their non-gaussian
statistics, modelling of the image priors is a difficult task. A number of attempts have been made to overcome
these difficulties and to model the statistics of small image patches as well as of entire images. So, the major
goal in this field is to develop a framework for learning generic and expressive prior models for low level
vision problems.

Generally, the Field-of-Experts model is defined as

pFoE(x; Θ) = 1
z (Θ)

M
∏
m=1

N
∏
n=1

ϕ(JT
m x(n); αm) (40)

where, ϕ is the expert used to model a direction defines by a linear filter Jm . x(n) contains the pixel
values (image patches) and αm is expert parameters set. N is the number of experts. Θ = {Jm , αm} for
m = 1, 2, 3 . . . . . . M. z (Θ) is the partition or normalizing function. To define the potentials, an untrained
PoE (Product of Experts) model is used. The parameters Θ are learnt in context of MRF model. Also, the
homogeneity of potential function makes it translation invariant and applicable to images of random sizes.
So, FoE model is a translation variant model of PoE model. Apparently, the potential function can be defined
in terms of PoE as

g(x(n)) = gPoE(x(n); Θ) =
M
∏
m=1
(JT

m x(n); αm) (41)

The FoE model share some similarities with Convolutional Neural Networks (CNNs) where, filters
banks are applied in a convolutional manner, to the whole image and the filter responses are modelled
by using a non-linear function. The only significant difference lies in the training of both models. The
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convolution networks are trained for specific applications in a discriminative fashion while, the FoE models
are trained in a generic manner by learning a generic prior which can be used in different applications. This
is because of the probabilistic nature of FoEs [262].

The traditional patch prior based systems for image denoising were computationally complex due to
large search windows used to evaluate pairwise similarity. The evaluation of the similarity is needed to
generate correlation between the pixels of the target image. As, in natural images, redundancy is primarily
presented at a semi-local level. Based on this observation, the patches (local neighbourhood sets) which are
used to represent the images are made to collaborate. This collaboration is independent of the spatial position
of the pixels. On the prior assumption that the noise infecting the image is additive in nature, the denoising
process aims at estimating the an image out of its noisy version. So, a simplified model of the noise is required
to effectively denoise the image. To obtain a simplified noise model approximated by a white Gaussian noise,
stabilization of the noise variance is done with the help of Anscombe transform. The generalized degradation
model for an image is written as

Iη = I + η (42)

where, η is the additive noise, I is the original image and the Iη is the noisy image. In patch based denoising
techniques, this equation is rewritten for every patch. Then, each patch is restored sequentially before the
image reconstruction. The probability distribution of a patch is called a prior distribution. To recover an
unknown patch (noiseless) from a degraded one requires computation of expectation, aimed at minimizing
a quadratic function based risk (MAP). The Gaussian distribution based priors (GMM or GGMM) are the
most suitable priors because of their ability to encode patch forms without varying the contrast.

Apart from Gaussian Mixture Model (GMM), Laplacian Mixture Models (LMM) are also used in the
image denoising paradigm. The Gaussian Mixture Model (GMM) is an appropriate choice for datasets that
exhibit clusters resembling the Gaussian distribution. On the other hand, the Laplacian Mixture Model
(LMM) demonstrates greater resilience to outliers and data that deviates from the Gaussian distribution. The
Gaussian Mixture Model (GMM) may encounter challenges when dealing with heavy-tailed data and outliers
due to the inherent nature of the Gaussian distribution, which is characterized by light tails. The LMM may
exhibit an inclination to overestimate the quantity of clusters when confronted with noise, owing to the
heightened susceptibility of the heavy tails of the Laplace distribution to the presence of noise. The Gaussian
Mixture Model (GMM) exhibits heightened sensitivity towards the covariance structure of the data, whereas
the Laplacian Mixture Model (LMM) places comparatively diminished emphasis on the estimation of the
covariance matrix owing to the presence of exponential tails. In essence, the selection between Gaussian
Mixture Models (GMM) and Laplacian Mixture Model (LMM) is contingent upon the inherent attributes
and properties of the data that is being subjected to modelling. In [220], Bivariate LMM was used to denoise
medical images.

GGMM prior is more flexible and it can model natural images better than GMM prior and Expected
Patch Log-Likelihood (EPLL) framework is used often for optimization [263]. EPLL is a classical external
patch prior based framework and it is more efficient when compared to internal patch priors, in case of
images with higher noise levels [154]. Some other examples of external patch priors based methods include
Gradient Histogram Preservation (GHP) [264–266].

Fig. 6 illustrates the patch-prior-based denoising process. It is known that for natural images particu-
larly, Gaussian potential is not suitable. Therefore, filters that fire rarely on natural images are sought out.
To identify such filters, a well-known and consistent observation is followed. According to this observation,
the power spectrum of natural images tends to decrease with increasing spatial frequency. So, filters with
power concentrated in high spatial frequencies are considered for maximum likelihood. The perfect example
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of such filters is Roth and Black filters, which are frequently used in the case of GSM priors. However, these
filters exhibit some drawbacks in lower and upper bounds on the maximum likelihood of the training set.
These drawbacks are addressed by considering the possible rotations of basis set (BRFOE) of the filter. To
carry out this operation, a basis rotation algorithm is applied to the set of the filters, having power spectrum
same as the Roth and Black filters. This results in filters with more structure and extended bounds [267].

Noisy 
Patches

Estimator
(Inference)

Grouping Modeling

Denoising
Denoised 
patches

Patch 
extraction

Aggregate

Noisy image 

Clean image

Denoising Process

Max 
Log-
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Figure 6: Patch-prior based denoising

In comparison to several parametric methods discussed earlier, the nonparametric methods rely on the
data to decide the structure of the model. This implicit model is called as regression function and this idea
of nonparametric estimation is called as kernel regression. Several concepts related to the general theory of
kernel regression has been presented earlier for, e.g., edge-directed interpolation, bilateral filter, moving least
squares and normalized convolution. The study of their relation with the general kernel regression theory
has been done in [268] and an adapted non-linear kernel regression framework was proposed. In general,
this method of filtering is very similar to local linear filtering process and suffers poor reconstruction on
edge areas because of its non-adaptiveness near the edges.

Despite the efficacy of the orthonormal bases in sparsely representing the signal, they are inadequate for
some specific signals of interest. Instead of orthonormal bases, sparse-based denoising techniques require a
trained dictionary to sparsely represent a signal. So, by using an algorithm for sparse approximation a signal
x, can be transformed fromR

N (signal) space toRD (dictionary) space. A few random measurements are suf-
ficient to represent the information in the signal. Given that x =Da, the signal x will be sparse in dictionary
D, if ∥ a ∥0≪D where, D ∈ CN×D , CN is the complex vector space, a is the representation of signal, and ∥
a ∥0 represents l0-norm or support of a. Generally, sparsity is degree of freedom a signal possess. K-Singular
Value Decomposition (KSVD) [68,269–271], Non-locally Centralized Sparse Representation (NCSR) [272],
Group-based Sparse representation (GSR) [273], Trilateral Weighted Sparse Coding (TWSC) [274] and
Sparse Transform Learning With Non-Local Low-Rank Representation (STROLLR) [275,276] are some
examples of sparse based denoising techniques. Table 3 summarizes the sparsity based methods used in
image denoising.

In [279], GSR was used with dictionary learning for the denoising and fusion of CT and MRI images.
Sparse coding-based methods has also been explored extensively for multi-modal medical images for,
e.g., in [281], a novel global approach based on sparse representation and NLM was adopted to denoise
multi-modal medical images. This method effectively denoises images while preserving sensitive tissue
details. A sparse coding-based dictionary learning method has also been employed to denoise 3-D medical
images [282]. On the same note, a deep learning based framework (unsupervised) was proposed for the
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denoising of 2-D as well as 3-D medical images [157]. Later on, a combination of medical image denoising
and fusion was achieved by hybrid variation sparse representation based on a decomposition model [283]
and sparse dictionary learning via discriminative low rank [284].

Table 3: Sparsity based methods

KSVD [68,270,271] • Algorithm to create a dictionary for sparse representation of the signal.
• A generalization of k-means clustering method.
• Selection of the right dictionary for a particular data is a non-convex

problem which makes it complex and hard to optimize.
• Inter independence of the patches made for sparse coding result in

inaccurate coefficients.
NCSR [272,277,278] • Images’ non-local redundancy is exploited to accurately estimate

sparse coefficients.
• It is an iterative reweighted execution using NLM principle.
• Impressive performance at high noise levels.
• Patch based method.

GSR [273,279,280] • The idea of group as a fundamental unit for sparse representation.
• The group which is made up of non-local patches with

comparable structures.
• Concurrently enforces intrinsic local sparsity and nonlocal self-similarity

of images in a single framework.
• For each group, an efficient self-adaptive dictionary learning approach

with low complexity is used.

TWSC [274] • TWSC is addressed via the alternating direction technique of multipliers
as a linear equality-constrained problem.

• To represent the statistics of real noise and image priors, three weight
matrices are added to the data and regularisation parameters of the
sparse coding scheme.

STROLLR [275,276] • To enhance performance in image processing tasks, it is insufficient to
rely solely on local patch sparsity.

• An approach called STROLLR is introduced, which combines adaptive
patch sparsity with a group low-rank model.

• This joint framework aims to overcome the limitations of relying on local
patch sparsity.

The fundamental objective of the Weighted Nuclear Norm Minimization (WNNM) technique is to
effectively utilize the inherent properties of low-rank and sparse structures that are inherently present within
matrices of data. This formulation entails the optimization of a convex objective function that comprises
two fundamental components. The first component is the nuclear norm of a matrix with low rank, which
quantifies the overall magnitude of the singular values of the matrix. The second component is the weighted
�1-norm of a matrix that is sparse, indicating that it contains a significant number of zero or near-zero
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elements. The utilization of the nuclear norm facilitates the achievement of low-rank approximation by
effectively capturing the latent structures that are intricately embedded within the data that is subject to
noise. Conversely, the weighted �1-norm is employed to impose sparsity, thereby enabling the representation
of noise or outliers in a concise manner [285,286].

The optimization problem linked to Weighted Nuclear Norm Minimization (WNNM) is characterized
by its intricate complexity, primarily due to its combinatorial properties and non-convex nature, which stem
from the inclusion of the nuclear norm. As a result, the utilization of efficient proximal algorithms, coupled
with the incorporation of proximal gradient techniques, is employed to approximate the solution. The
aforementioned iterative methodologies employ iterative processes to iteratively modify the low-rank and
sparse components, taking into account the weighted regularization factors [287]. In order to guarantee the
convergence of a computational algorithm, it is common practice to incorporate adaptive step size selection
methodologies and convergence acceleration techniques, such as the renowned Nesterov’s acceleration
method [288–290].

The effectiveness of Weighted Nuclear Norm Minimization (WNNM) relies on the prudent choice of
the regularization weights, which have a crucial function in achieving a harmonious equilibrium between
the low-rank and sparse elements. The weights in question encapsulate a pre-existing understanding of the
data and its noise properties, allowing for customization to suit particular applications. The selection of
weights that are optimal in nature results in representations that have been denoised or compressed, thereby
effectively retaining crucial features while removing any noise or extraneous data components [286].

The fundamental foundation of WNNM resides in its capacity to exploit the concurrent utilization of
low-rank approximation and sparse representation. The confluence of these factors results in heightened
denoising efficacy, versatility in accommodating diverse noise distributions, and resilience in the face of
fluctuating noise intensities. Moreover, the Weighted Nuclear Norm Minimization (WNNM) algorithm
can be expanded to incorporate situations that involve the processing of multichannel data, temporal
correlations, and heterogeneous noise structures [285]. In [291], the concept of nuclear-norm minimization
was used with Rolling guidance filter and CNN to achieve effective multi-modal medical image denoising.
In [292], also, WNNM was used to denoise 3-D medical images. Given the inherent complexity of the
original problem pertaining to low-rank approximation, the prevailing approach commonly employed
involved the utilization of nuclear norm minimization as a means to achieve matrix low-rank approximation.
Notwithstanding, the solution derived through the process of nuclear norm minimization typically exhibits a
deviation from the solution of the initial problem. A proposition is put forth for the denoising of MR images
through the combination of a nonlocal self-similarity scheme with a pioneering low-rank approximation
scheme [293].

Adaptive Clustering is a sophisticated computational methodology that effectively tackles the intricacies
of unsupervised clustering by employing a dynamic approach to modify cluster attributes in accordance with
the specific characteristics of local data. Conventional clustering algorithms frequently encounter difficulties
when confronted with data points that manifest diverse densities, shapes, or sizes. The technique known as
Adaptive Clustering effectively mitigates the aforementioned limitations by employing a dynamic estimation
process to determine the most optimal number of clusters. Additionally, it adapts the parameters of each
cluster to more accurately capture the nuanced distribution of the data [294,295].

Progressive PCA Thresholding iteratively captures and retains the most useful features in high-
dimensional data, solving its problems. Traditional Principal Component Analysis (PCA) reduces
dimensionality, but tiny eigenvalues, due to their cumulative effect, can cause information loss in high-
dimensional data. A staged eigenvalue thresholding procedure defines Progressive PCA Thresholding.
Eigenvalues are ordered in decreasing order of importance and kept above a dynamically defined threshold in
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each stage. This progressive technique considers just the most impactful eigenvalues and their eigenvectors,
resulting in a parsimonious data representation that keeps its intrinsic variance. Progressive PCA Thresh-
olding also uses adaptive regularization to account for data structure differences across dimensions. The
approach finds dimensions with low variance and suppresses their contributions to the main components
using data-driven sparsity constraints, improving the reduced representation. Progressive PCA Thresholding
shines in genomics and hyperspectral imaging, where data dimensionality surpasses sample quantity.
Eigenvalue thresholding and sparsity-driven regularization enable adaptive feature extraction while reducing
noise and small fluctuations [295].

Similarly, ACVA works on the idea that images have local structures or patches with different noise and
image properties. The approach starts with adaptive clustering of related patches. This clustering algorithm
groups patches with similar features based on noise levels and structural patterns. After adaptive clustering,
ACVA uses variation-adaptive filtering in each cluster. This filter uses local variation data to dynamically alter
its settings. ACVA reduces noise while keeping vital characteristics by responding to image patch texture
and content fluctuations [296]. Also, Adaptive Soft-Thresholding (AST) Based on Non-Local Samples (NLS)
is e technique where adaptive signal modelling is used with adaptive soft thresholding to achieve effective
denoising performance [297].

3.4 Deep Learning Based Denoising
In the current scenario, Convolution Neural Networks (CNNs) and Machine learning based image

denoising techniques are being rapidly explored and used in medical image denoising [298]. The Denoising
Convolutional Neural Network (DnCNN) is an advanced computational framework specifically engineered
for the purpose of image denoising. The proposed system utilized a multi-layered convolutional neural
network architecture to acquire knowledge of the complex relationship between input images contaminated
with noise and their corresponding clean, denoised counterparts. The DnCNN model has been meticu-
lously designed to efficiently eliminate noise from images by capitalizing on its innate capacity to acquire
knowledge and depict intricate noise patterns and image structures via the network’s hierarchical feature
extraction procedure.

The fundamental principle underlying DnCNN involves the utilization of a residual learning frame-
work, wherein the neural network is trained to accurately forecast the residual noise element that exists
between the input signal contaminated with noise and the intended clean output signal. The utilization of a
residual-based methodology enables the neural network to effectively concentrate its attention on the specific
noise components that require elimination, rendering it highly suitable for the task of image denoising. The
architecture of DnCNN is comprised of a multitude of convolutional layers, typically arranged in a cascaded
fashion. The aforementioned layers systematically and incrementally extract and enhance visual attributes of
an image, all the while inherently encapsulating the inherent characteristics of noise. The utilization of batch
normalization layers is a common practice in order to achieve stabilization and acceleration of the training
process [299].

In the context of medical image denoising, in [300], a proposition for a strategy known as content-
noise complementary learning (CNCL) was proposed. This strategy, while straightforward in nature, has
proven to be highly efficient. It involved the utilization of two deep learning predictors, each tasked with
learning the content and noise of the image dataset in a complementary manner. A novel medical image
denoising pipeline was introduced, employing the Convolutional Neural Network with Cascaded Non-Local
(CNCL) strategy. The pipeline is realized as a Generative Adversarial Network (GAN), with an exploration
of multiple representative networks such as U-Net, DnCNN, and SRDenseNet as the predictors. Similarly,
in [301], methodology involved the utilization of residual learning as a prominent learning approach, coupled
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with the incorporation of batch normalization as a means of regularization within the deep model [301],
and in [302], a Genetic Algorithm (GA)-based methodology was introduced to facilitate the exploration of
optimal genetic traits for the purpose of optimizing network structures.

In addition to general-purpose models, several advanced deep learning architectures specifically for
medical image denoising have been made available in recent years. Since U-Net and its extensions (like
Attention U-Net and U-Net++) are capable of learning both local and global context, they are especially
popular due to their ability to maintain subtle anatomical details in noisy medical images. In the same vein,
by enhancing hierarchical feature extraction and encouraging gradient flow in deep layers, Residual Dense
Networks (RDNs) and SRDenseNet have been adapted for denoising purposes. Low-dose CT and MRI
reconstruction is now employing architectures such as DRUNet, which was developed for blind denoising,
and FFDNet, which is for adaptive denoising under varying noise levels. Table 4 summarizes the various
deep learning based image denoising techniques.

Additionally, through data-driven prior learning, GAN-based models (e.g., Noise2Noise GAN and
Pix2Pix for MRI Denoising) have shown promising results in producing outputs that are perceptu-
ally improved.

3.5 Hybrid Deep Learning for MRI/CT Image Denoising (2019–2024)
Noise, such as thermal noise in MRI and quantum noise in low-dose CT, can frequently disrupt

medical imaging and obscure critical information. Spatial filters (such as Gaussian smoothing, bilateral
filters, Non-Local Means, BM3D, and anisotropic diffusion) and frequency-domain transforms (including
wavelet and Fourier filtering) exemplify conventional denoising techniques that perform adequately but
fail to effectively capture intricate details. In recent years, deep learning (DL) has emerged as a formidable
alternative, effectively learning to transform noisy images into clean ones with remarkable efficacy [321,322].
Metrics such as PSNR and SSIM indicate that pure deep learning approaches, such as CNN denoisers,
generally outperform classical filters [322]. However, they may encounter issues like as excessive smoothing,
artifacts, or inadequate generalization to novel noise distributions [321,323]. This has resulted in hybrid
approaches that combine conventional denoising filters or transformations with deep neural networks to
optimize outcomes. These hybrids leverage domain expertise, such as edge preservation, frequency sparsity,
and self-similarity, to enhance the performance and stability of data-driven models.

Recent study indicates the existence of numerous varieties of these hybrid techniques. A 2024 assess-
ment of 104 papers revealed that CNN-based models were the most prevalent, comprising approximately
40%, followed by encoder-decoder networks at around 18%, Transformers at about 13%, GANs at approxi-
mately 12%, and others thereafter. This illustrates the variety of deep learning architectures that have been
examined. The types of noise discussed encompass Gaussian (about 35% of articles), speckle (16%), Poisson
(14%), Rician (7%), and more variants. We shall now examine some significant hybrid approaches categorized
into two primary groups: Deep Learning utilizing Spatial Filters and Deep Learning employing Frequency-
Domain techniques. We discuss the methodologies and architectures employed, the datasets and evaluation
metrics applied, the application domains (such as low-dose CT and rapid MRI), the comparative efficacy of
each approach, as well as the advantages, disadvantages, and emerging trends associated with each method.
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3.5.1 Deep Learning Meets Spatial Filters
This group of hybrid approaches combines standard spatial-domain denoising filters with a deep

learning framework. The goal is often to add inductive biases to neural networks, like edge-awareness or self-
similarity, or to employ a classic filter as a way to improve the output of a network. Some important instances
are:

a) Non-Local Means and Deep Networks
Non-Local Means (NLM) uses redundancy by averaging similar patches throughout the whole image.
Deep models have taken this principle of self-similarity and used it. For instance, CNLNet (2025)
includes an NLM filtering layer in a CNN design for brain MRI denoising [324]. The network does
this by combining learnt feature extraction with the NLM’s capacity to use repeated structures. This
makes it better at keeping details than a CNN alone. In fact, when you put CNLNet (with NLM) and an
equal CNN without NLM next to each other, you could see that CNLNet made brain MR images that
were cleaner and more accurate in terms of structure. Liu et al. (2022) also suggested a “dense hybrid
convolutional network” that combines a deep CNN with a typical non-local filter in a blind denoising
environment [325]. Putting non-local activities or attention processes inside networks is becoming
more common. This was based on the success of non-local neural networks in computer vision, which
showed that modeling long-range pixel interactions can greatly improve denoising performance [324].
Attention-based denoisers that use modern transformers naturally capture global self-similarity, which
is similar to NLM. This makes it harder to tell the difference between learnt and non-local filtering
methods. Overall, adding NLM principles to DL has helped reduce noise without making small details
less clear, but it has made the network more complicated.

b) BM3D and CNN Hybrids
BM3D (Block-Matching and 3D filtering) is a standard denoising technique that puts similar 2D patches
into 3D stacks and uses collaborative filtering, like hard-thresholding in the transform domain. BM3D
works well for moderate noise, while pure CNNs currently commonly have higher PSNR. There have
been attempts to merge them via hybrid methods. One way to do this is to use a two-stage cascade,
where first a CNN denoiser is used and then BM3D, or the other way around. For example, Krylov’s
2019 technique showed a hybrid DnCNN + BM3D pipeline with an automatic way to choose BM3D’s
strength parameter [326]. The goal of this strategy was to allow the CNN get rid of most of the noise
while the BM3D took care of the remaining structured noise, keeping the anatomical features intact.
According to Krylov, the hybrid did better than either DnCNN or BM3D alone in PSNR at different
degrees of noise. When ground truth is not available, another way is to utilize BM3D as a teacher to
train a network. For example, researchers have utilized BM3D-denoised images as stand-ins for real
noisy scans to train deep models, taking use of BM3D’s known reliability. One study, on the other hand,
discovered that a network trained on BM3D outputs did a little worse than one trained on real clean
images. This suggests that BM3D can assist start a network, but it can eventually do better than BM3D
with the right supervision. Iterative reconstruction methods sometimes use BM3D as a regularizer
in low-dose CT. Recently, learning-based variants of these plug-and-play systems have come out. In
general, BM3D+DL hybrids can help keep structures intact and make denoisers work better, although
they do add extra processing steps. They also have the same problems as BM3D (fixed transform
thresholding), which could limit their eventual performance if the CNN’s full potential is not used [327].

c) Bilateral and Guided Filtering with Deep Learning
Bilateral filters (BF) smooth out edges by averaging pixels with similar intensity (range filter) in a spatial
vicinity. They are useful because they keep edges while getting rid of light noise. Wagner et al. (2022)
came up with a strong hybrid method for low-dose CT that puts trainable Joint Bilateral Filters (JBF)
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into a deep pipeline [323]. A CNN first predicts a guidance image (an initial denoised version), and then
a collection of trained bilateral filter layers uses that guidance to clean up the noisy input. This hybrid
worked much better on CT scans with noise and artifacts that were not in the training set because it
combined the high capacity of CNNs with the known dependability of bilateral filtering. For instance,
when the hybrid JBF method was tested on CT slices with metal artifacts (which were not visible during
training), it raised PSNR by a few percent and RMSE by 6–10% compared to utilizing the CNN alone.
The trainable BFs operate as a safety net, making sure that the network does not make outputs that are
quite abnormal. Another study (Maier et al. 2019) showed that adding known linear filter operations
to neural networks can definitely lower the limits on errors [328]. In reality, a shallow CNN taught to
operate like a bilateral filter (BFnet) can do better than a hand-made filter by learning the best kernels
while still being easy to understand. Guided filters (also called edge-aware filters) have been used as
post-processing for DL denoisers to make edges even sharper. In the non-subsampled shearlet domain,
a 2024 study paired a CNN with an edge-guided filter. This gave CT images a PSNR that was 3–4
dB greater than using wavelet denoising alone [329]. In general, bilateral filter hybrids improve edge
retention and stability, making the denoising more resistant to varied amounts of noise and stopping
the “blurring” that a pure CNN might cause around delicate structures.

d) Anisotropic Diffusion and Deep Prior Fusion
Anisotropic diffusion (AD) is a type of filtering that smooths an image while stopping diffusion across
borders. It is based on the Perona–Malik filter. This is a well-known way to get rid of noise and
keep edges. Researchers have recently been looking into how to combine these types of diffusion
models with deep learning. One way to learn or manipulate the diffusion coefficients is to utilize a
CNN. For example, deep image prior with non-local regularization added a non-local diffusion prior
to the loss function of an untrained network, which made denoising better without any help [326].
Another example is MPDenoiseNet (2025), which is a multi-path network that has Anisotropic
Diffusion blocks and convolutional layers [330]. There are two paths in MPDenoiseNet that process
the image. One path has regular CNN layers that target various types of noise, while the other
path has a differentiable anisotropic diffusion module that smooths the image without losing the
edges. The outputs are then combined (in their case, with Transformer-based attention) and sent to a
U-Net for final reconstruction [330]. This design successfully combines model-based and learning-
based methods. The diffusion blocks keep the structure intact, and the CNN/Transformer parts get rid
of complicated noise. According to reports, MPDenoiseNet was able to denoise images as well as the
best ones, such the Restormer transformer, while utilizing a lot fewer parameters. This was possible
because of these efficient diffusion-inspired modules [330]. Adding AD helps with stability since it
directly models the smoothing process, which cuts down on streak artifacts and over-smoothing. One
problem is that it can be hard to tune the diffusion settings, even if you know how to do it. These hybrids
may also need to carefully balance the learnt and fixed operations to avoid artifacts like the staircase
effect from diffusion or noise that is still there because of not learning enough. Deep/diffusion hybrids,
on the other hand, show a potential path by adding interpretability and physical reasoning to neural
networks for denoising.

3.5.2 Deep Learning Meets Frequency-Domain Techniques
Another class of hybrid denoisers operates (partly or wholly) in the frequency domain. These methods

leverage transforms like wavelets, Fourier, discrete cosine transform (DCT), or more specialized multiscale
transforms (Shearlets) in conjunction with deep networks. The rationale is that many medical images have
sparse representations in certain transform domains (e.g., wavelet coefficients) and that filtering in those
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domains can be very effective at separating noise from signal. Hybrid approaches can integrate transforms
as a pre-processing step, post-processing step, or even embed the transform within a network architecture.

a) Wavelet-Enhanced Deep Networks
Wavelet transforms break images down into sub-bands with different resolutions, such as low-
frequency approximations and high-frequency details. In these sub-bands, noise can often be found
and set to a certain level. There have been a number of studies that have used wavelet methods and
CNNs together to clean up medical images. The MWDCNN (Multi-Stage Wavelet Denoising CNN) by
Tian et al. (2023) [331] is a good example. This network has wavelet transform blocks built into it. After
an initial conv layer, it does two stages of wavelet decomposition and augmentation (denoising) before
using an inverse wavelet transform and more CNN refinement to put the image back together [331].
The network learns to filter wavelet coefficients using layers that may be trained, which reduces noise
in each sub-band. MWDCNN may recover fine details better than solely spatial CNNs because it uses
both signal processing (hard/soft thresholding effect in wavelet domain) and discriminative learning.
It did better than well-known denoisers, like regular CNNs, in both quantitative and visual quality.
Zangana and Mustafa (2024) did another study that was simpler. They first used a wavelet transform
on the noisy image, then used a CNN to remove noise from the approximation coefficients (the low-
frequency part) while either throwing away or thresholding the detail coefficients. Finally, they put the
image back together. This hybrid reduced noise much more than just wavelet thresholding, and it did
not lose any image information [307]. The CNN’s concentration on the coarse structure (where most
energy is) and the wavelet’s ability to separate out high-frequency noise are what make it useful. In the
same way, DST-Net (2021) added a Discrete Shearlet Transform (a directed multiscale transform similar
to wavelets) to a CNN, which made it better at removing noise from images with fine textures [324]. That
gave rise to recent work in 2024 that merged CNNs with Non-subsampled Shearlet Transforms (NSST)
to clean up CT scans. For example, a method-noise CNN (which learns to remove only noise residual)
was used in the shearlet domain and paired with Bayesian thresholding of shearlet coefficients [332].
This hybrid had the best PSNR/SSIM across a range of noise levels when compared to techniques that
only used spatial or transform methods.
The wavelet/shearlet-based hybrids tend to fare better at keeping the structure of the image intact—
edges and textures are better preserved—and they often work well across different levels of noise because
thresholding in a transform domain does not care much about noise variation (up to a point). One
drawback of using fixed transforms is that they could make the network less flexible (the network has to
function within the limits of the transform), and the transform operations use more processing power.
Still, because medical image characteristics are generally multi-scale, wavelet-integrated deep denoisers
have been highly useful, especially for low-dose CT scans where keeping edges (such bone borders) is
very important.

b) Fourier/DCT Domain Approaches
Sometimes the Fourier domain (k-space for MRI) or DCT is used for hybrid approaches. It is customary
to work in k-space while reconstructing MRI images. Some researchers have tried filtering noise in
frequency space using learning models to get rid of noise in fully sampled MRI images. For instance, a
network might take an image’s FFT, use a deep filter to get rid of high-frequency noise, and then invert
it back. These kinds of methods can naturally get rid of noise that is not correlated in space, which
shows up as broad-spectrum components. One problem is that the noise in the MRI images (magnitude
images) is Rician, which does not turn into a simple distribution in k-space after reconstruction. So,
most DL MRI denoisers still work in the image domain. But in CT, there are hybrid dual-domain
networks that can denoise both image data and projection data (Fourier/Radon domain). DuDoNet
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(2019) [333] is one example. It had two branches: one worked with sinogram data and the other with
reconstructed images. It used cross-domain regularization to combine Fourier-space processing with
image-space CNN. Compared to single-domain networks, these dual-domain methods did a better job
of getting rid of noise and artifacts in low-dose CT scans. They take advantage of the fact that some
noise or artifacts might be easier to fix before back projection (in CT) or before inverse FFT (in MRI).
Another intriguing change is that people are now seeing conventional DCT filtering as a neural network.
DCT2Net (Herbreteau & Kervrann 2022) showed that a typical DCT-based denoiser (which applies
a blockwise DCT, thresholds coefficients, and transforms back) can be made into a shallow CNN
and adjusted using learning. They built a network that can be understood using DCT kernels and
even suggested a mix of the learnt DCT2Net and the original DCT approach. The network takes care
of textured patches that are hard to understand, while the classical DCT filter takes care of smooth
areas [334]. This gave results that were around the same quality as BM3D but with a lot fewer layers. It
also helped me grasp how frequency filters work with CNNs. DCT2Net was shown on natural photos,
but the approach can also be used in medical imaging to make denoising solutions that are easy to see.
In short, frequency-domain hybrid methods add multi-resolution and frequency-selective filtering to
deep learning. They are especially useful for things like low-dose CT (where noise has a strong high-
frequency component and transform-domain denoising can get rid of noise before reconstruction) and
rapid MRI (where undersampling artifacts/noise can be dealt with in k-space). The biggest problem is
that working in the transform domain can make network design more difficult, especially when working
with MRI data that is hard to understand. If the two domains are not carefully balanced, mistakes in one
domain might cause artifacts in the other. However, so far, the results demonstrate that these hybrids
typically do better than solely spatial CNNs on objective criteria and keep the quality of diagnostic
images better (clearer edges, less oversmoothing).

3.5.3 Datasets and Evaluation Metrics
Researchers have evaluated these denoising methods on a variety of datasets, using standard image

quality metrics:

• Datasets (CT): The Mayo Clinic Low-Dose CT dataset (from the 2016 AAPM Challenge) is a typical
standard for low-dose CT denoising. It has pairs of clinical CT scans with normal doses (NDCT) and
quarter doses (LDCT). This dataset is used to train a lot of deep learning models, like GANs and
CNNs [325]. Some people use the LoDoPaB dataset (a big public low-dose CT set) or fake phantoms.
Some studies employ private clinical CT scans (such abdomen or head CTs) with extra noise added to
make it look like a lower dose. For example, Wagner et al. (2022) trained on belly CTs and then tested
on a separate set of CTs with metal inserts and head CTs to see if the model could generalize.

• Datasets (MRI): It is tougher to get ground-truth MR images that do not have noise. So, a lot of MRI
denoising publications use simulated noise. The BrainWeb MRI phantom and the McGill dataset are two
resources that are often used. They provide fake MRI scans with known noise levels (Gaussian or Rician).
Some studies use many scans of the same person (for example, averaging multiple acquisitions for ground
truth). The NYU fastMRI dataset, which was originally created for faster MRI, has been changed by
adding fake noise to fully-sampled data. Researchers typically employ brain MRI datasets (T1-weighted
brain scans from IXI or the Human Connectome Project) with added noise to test denoisers [324].
There have also been MICCAI challenges that focus on removing noise from MR images, such the MRI
denoising challenge at MICCAI 2013, which used genuine noisy scans and fake ground truth. Overall,
brain MRI is the most prevalent type of denoising study. However, some research use HCP data to look
at diffusion MRI (DWI) denoising, and others look at cardiac or abdominal MRI with added noise.
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• Metrics: Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity Index (SSIM) are the two main
quantitative measurements. Almost all of the papers use these to compare the quality of denoising.
PSNR is a logarithmic measure of the pixel-wise MSE, and SSIM measures how good an image looks by
comparing its local structure, contrast, and brightness. Many studies also talk about Root Mean Square
Error (RMSE), which is directly connected to PSNR, and sometimes Mean Absolute Error (MAE). Some
research employ more complex metrics, like Feature SIMilarity (FSIM) and Entropy Difference (ED),
to measure how well texture is preserved [329]. In clinical settings, task-specific metrics can show up,
including how denoising affects diagnostic tasks (like how well lesions can be seen or how accurate
segmentation is) or radiologist opinion scores. Some low-dose CT investigations look at how accurate
the CT numbers are (Hounsfield unit errors) and how many streak artifacts there are. When looking
at these measures, denoising methods are usually compared to classical baselines like the Gaussian
filter, NLM, and BM3D, as well as alternative DL approaches like DnCNN, GAN models like DAGAN,
transformer models, and so on. In general, hybrid approaches have greater PSNR/SSIM than their
classical counterparts (sometimes by several dB PSNR) and are typically as good as or better than pure
deep models. For instance, a Shearlet-CNN hybrid got about 3–4 dB more PSNR than regular wavelet
denoising at all noise levels. On a given CT dataset, a bilateral-CNN hybrid from another work raised
PSNR from about 40.0 to about 41.5 and SSIM from 0.90 to 0.93 compared to a baseline CNN. These
numbers show that hybrid methods can improve image quality in a measurable way.

It is important to remember that PSNR and SSIM may not reveal the full story. For example, some
approaches, like GANs, put more weight on visual realism than PSNR, whereas a pure MSE-trained CNN
may produce high PSNR but lose little details. So, qualitative evaluation and clinical validation are still very
important. Many studies provide radiologist ratings or sample images to show that diagnostic information
is still there or has been improved.

3.5.4 Performance Comparison and Discussion
The landscape of denoising approaches now spans from pure classical methods to pure deep learning,

with hybrids in between. Table 5 provides a high-level comparison of representative methods:

Table 5: Various aspects of thresholding techniques used in image denoisings

Method (Year) Technique Application Reported performance Discussion
DnCNN +

BM3D hybrid
(2019) [326]

CNN denoiser
+ BM3D filter

(cascade)

X-ray & MRI
(simulated

noise)

PSNR higher than either
DnCNN or BM3D alone.

CNN removes bulk noise,
BM3D fine-tunes details.

Improved structure
retention.

CNLNet
(2025) [324]

CNN with
integrated NLM

layer

Brain MRI
(Gaussian

noise)

+1–2 dB PSNR vs. CNN
alone; higher SSIM

(observed).

NLM layer helps preserve
repeating structures;

outperforms plain CNN
on detail clarity.

Trainable JBF +
RED-CNN
(2022) [323]

Joint bilateral
filter layers +

CNN guidance

Low-dose CT
(abdomen)

~82% RMSE reduction in
metal artifact regions vs.

CNN; ~3%–4% PSNR
gain.

Superior robustness to
unseen artifacts; retains

edges due to bilateral
filtering.

(Continued)
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Table 5 (continued)

Method (Year) Technique Application Reported performance Discussion
MWDCNN
(2023) [331]

Multi-stage
wavelet CNN

Natural images
(applicable to

CT/MRI)

Outperformed
state-of-art denoisers in

PSNR/SSIM (e.g.,
~0.5–1.0 dB above

DnCNN on BSD68).

Wavelet blocks enable
multi-scale denoising;
fewer artifacts, better
texture preservation.

Shearlet + CNN
(2024) [329]

NSST
transform +

“method-noise”
CNN

CT (simulated
Gaussian)

Achieved highest
PSNR/SSIM among

tested methods; e.g., ~3–4
dB > wavelet-only filter.

Excellent edge
preservation across noise

levels; slightly higher
computational cost

(transform overhead).
DCT2Net

hybrid
(2022) [334]

Interpretable
DCT-based

CNN

General
denoising

Comparable PSNR to
BM3D (≈35 dB on σ = 25
test); much faster runtime

(CNN inference).

Hybrid uses DCT2Net
for complex patches,

standard DCT for
smooth patches.

Illustrates interpretability.
MPDenoiseNet

(2025) [330]
Multi-path

(Conv +
Diffusion +

Transformer)

Multiple (incl.
CT, MRI)

On par with Restormer
transformer (PSNR

~0.01–0.02 dB within) at
40% fewer FLOPs.

Handles diverse noise
(Gaussian, Poisson, S&P)
in one model; diffusion
blocks ensure stability.

A few trends start to show up when you look at these comparisons. First, hybrid approaches typically
work just as well or better than pure deep models when it comes to denoising, especially when there is not a
lot of training data or when generalization is really important. For example, adding trainable bilateral filters to
a CNN made it far more robust on CT data with structures that were not observed during training (like metal
implants) [323]. This shows how classical filters may protect against new changes by enforcing recognized
image priors, such as smoothness with edge preservation.

Second, hybrids are better at keeping anatomical details. A lot of pure DL models, especially those that
optimize MSE, can make outputs that are too smooth. These outputs may have high PSNR but may also
blur fine edges or textures that are critical for diagnosis. On the other hand, approaches like NLM-CNN
or wavelet-CNN intentionally limit the solution to keep fine structures by using non-local averaging or
thresholding in the detail sub-bands. Because of this, some approaches show higher SSIM and outcomes that
are often clearly sharper. For instance, the CNLNet’s brain MRI outputs displayed tiny vessels more clearly
than a regular CNN denoiser, thanks to the non-local filtering part.

Third, hybrid methods can help get around some of the problems with deep learning. The worries are
about overfitting and not being able to generalize. For example, a network might work well with one scanner’s
noise level but not with another’s. Classical approaches are usually not affected by the exact training data,
even though they are not as powerful. When used together, technologies like Wagner et al.’s JBF pipeline
made the network less likely to give outputs that did not make sense when it was faced with strange noise.
This brought the outcome closer to a physically reasonable solution [323]. In the same way, hybrid models
often need smaller networks or datasets: Using the DCT basis, DCT2Net got BM3D-level performance with
a 2-layer network. This efficiency is useful in medicine, where there may not be a lot of training data or
computing power available.
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But there are some downsides to hybrid techniques as well. Adding classical parts can make the design
more complicated and add more hyperparameters. In addition to all the network hyperparameters, a wavelet-
CNN must also choose the type of wavelet, the number of levels, the thresholding approach, and so on. It
can be hard to get the best results by tuning these. Some hybrids may also take on the failure modes of the
classical element. For example, an anisotropic diffusion module could make “staircase” artifacts or get rid of
little texture that a purely learnt model might have kept. Also, the extra processing (transforms or iterations)
can make the algorithm run longer. Many CNN denoisers work in real time on recent GPUs, but a hybrid
that uses iterative diffusion or needs many transform steps can be slower (albeit still quicker than iterative
model-based approaches like total-variation minimization). In practice, studies say that the extra work is
tolerable. For example, MWDCNN’s multi-stage technique is still rather quick, while DCT2Net is as fast as
a tiny CNN. But these technologies need careful engineering to stay useful in the clinic.

3.5.5 Advantages and Limitations of Key approaches
To summarize the pros and cons of each hybrid strategy:

a) CNN + Spatial Filter (post-processing): (e.g., CNN→ BM3D or CNN→ bilateral filter)
Advantages: Simple to use; takes advantage of CNN’s ability to remove noise and the filter’s ability
to keep edges. Can greatly cut down on artifacts (the filter “cleans up” the CNN output). Helps in
generalization (the filter smooths out noise that has not been observed before).
Limitations: It is a two-step procedure, so you cannot train it all the way through, but the user may
change the settings on validation data. Could smooth out some of the specifics that the CNN brought
back (if the filter is too aggressive). Needs careful adjustment of the parameters, like the BM3D threshold
or the bilateral sigmas. A little more time to make an inference because of the extra step.

• CNN with Integrated Filter Layer: (e.g., NLM or bilateral as a layer in the network)
Advantages: Full training means that the network may learn how much filtering to use in different
situations. Keeps details because of the built-in previous (not local or edge-aware). Can be understood
(you can look at the filter weights). Often gives better detail (higher SSIM) for the same PSNR.

• Limitations: Makes the network more complicated (non-local activities might use a lot of memory, and
bilateral filtering in a net need to be set up in a certain way). Could make training take longer. If the
integrated filter is not set up right, it could not be needed (the network could learn to get around it).
Needs a lot of training data to set the filter parameters just right.

• Deep + Transform-Domain: (wavelet/shearlet + CNN)
Advantages: Multi-resolution analysis makes denoising better at all scales. It gets rid of fine noise in
high-frequency bands and smooths out large-scale changes in low-frequency bands. Often great at
not over-smoothing, which gives it outstanding visual quality (sharp edges). Can be more resistant to
variations in noise level (thresholding schemes work with different σ).

• Limitations: Transform adds computations. The method might be changed to fit some noise statistics
(for example, wavelet thresholding assumes that the noise is mostly additive Gaussian). If the noise has a
structure that is not well captured in the transform domain (such MRI Rician noise or streak artifacts),
the transform alone may not be enough and the network will need to make up for it. Also, if you design
a neural network around a fixed transform, it might not be able to learn a different representation that
is even better.

• Deep +Model-Based Iterative (Diffusion/PDE or Optimization):
Advantages: Includes strong physical priors (such edge continuity and noise smoothness) that can make
denoising much more stable and reliable. Usually needs less training data and can sometimes work
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without supervision (for example, deep image prior with a regularizer). Can give estimates of uncertainty
(with plug-and-play methods, the classical part can be understood).
Limitations: It can be slow because it goes through steps again and over. It is hard to find the right
balance between data fidelity and prior (or between learnt component and classical component). If you
rely too much on previous, the network might not denoise enough, and if you rely too little, it might
hallucinate. When using diffusion+CNN hybrids, you have to make sure that the diffusion process does
not smooth out important pathology too much (for example, tiny lesions can be viewed as noise). These
methods are also harder to put into practice and think about in theory.

In real life, the method you use may depend on the area of application. For example, in low-dose CT,
keeping edges and HU accuracy is very important. In this case, a wavelet or bilateral hybrid that is good at
keeping edges could be the best choice. A review from 2024 found that encoder-decoder CNNs with MSE
loss do very well on objective metrics, GANs make outputs that look real, and Transformers do a good job
of capturing global context. However, adding physical priors like non-local means or diffusion can help with
the last few problems in low-dose CT denoising [335]. For MRI, where noise is generally smoother and
small features in texture (such in brain tissue) are important, non-local and wavelet approaches have proved
popular. Some MRI approaches, like Noise2Noise, are self-supervised, but they generally use deep learning
without any classical filters. When there is not much real clean data for training, hybrid approaches are very
useful since they can denoise data using domain knowledge without having to learn everything from data.

Deep learning techniques eliminate the need for human feature engineering by learning to recognize
complex noise distributions and image structures from data automatically. Especially, when learned on
diverse sets of datasets, they display better generalization between modalities (e.g., MRI and CT) and noise
types (e.g., Gaussian, Poisson, and Rician). They are well suited for real-time or nearly real-time clinical uses
because they can perform inference very rapidly once they have been trained.

For supervised learning, they require large annotated datasets, which in some cases are difficult to
obtain in medical imaging due to access and privacy restrictions. If the training set is not representative,
performance can degrade on rare anatomical variations or out-of-distribution data. Clinical adoption is
hindered by the extensive computing resources needed for model training and the lack of interpretability.
These are some common problems associated with Deep Learning methods.

3.5.6 Trends and Challenges
Trends

From 2019 to 2024, CNN and GAN denoisers have changed from simple ones to more complex hybrids.
The growth of attention and Transformer models for denoising is a clear trend. These models use the idea
of non-local filtering implicitly. One example is the use of the Swin Transformer architecture for LDCT
denoising (like STED-Net), which has shown good results. Transformers can find long-range correlations in
a way that is similar to NLM, so you may think of them as trained non-local filters. We think that there will
be hybrids that combine Transformers with traditional methods. For example, a Transformer that operates
on wavelet coefficients or a CNN+Transformer mix with a spatial filter in between. One example of this is
MPDenoiseNet’s use of Restormer blocks with diffusion.

Hybrid designs that are tailored to a certain domain are also becoming more popular. Researchers are
customizing architectures for certain types of imaging or noise. There are hybrids that use NLM or spectrum
filters to help deep models with ultrasound and OCT denoising (in addition to MRI/CT). These hybrids
deal with speckle noise, which has multiplicative statistics. Our major focus is MRI/CT, but the success
in those areas supports the hybrid model. New methods are coming out for MRI that combine parallel
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imaging (removing undersampling artifacts) with denoising networks. These methods effectively combine
reconstruction and denoising (for example, a network might conduct partial Fourier inversion and denoising
at the same time). In the same way, several methods for fast MRI use classical compressed sensing priors or
filters, such as total variation or wavelet sparsity, to help train deep reconstruction models.

We also witness an increase in self-supervised or unsupervised denoising that uses classical filters. One
method is Noise2Self/Void, which does not need clean targets. These are not hybrid in the sense that they
do not mix algorithms, but they do use classical denoisers for pretraining or as part of the loss (for example,
they make sure that the network output matches the input when it is re-noised and re-denoised by a classical
filter). In the world of supervised hybrid, plug-and-play (PnP) frameworks are becoming more popular. For
example, PnP ADMM with a CNN denoiser instead of a proximal operator is an example of using a deep
denoiser as part of an iterative reconstruction technique. This effectively adds deep learning to the standard
optimization loop, and it has worked quite well for tasks like sparse-view CT or parallel MRI. It is a little
outside of what we do (more reconstruction than pure denoising), but it shows the hybrid idea well [335].
Challenges

Despite the advancements, several challenges remain for hybrid denoising methods:

• Generality vs. Specificity: It is hard to make a hybrid that works well for all types of noise and ways of
doing things. Many of the models we use today are customized in some way. For example, a network
might only be trained to function with Gaussian noise at a given level or with the features of one scanner.
One of the main goals is to make a denoiser that works for a lot of different situations. One assessment
said, “There is a lot of work to be done to make standardized denoising models that work well on a
wide range of medical images.” To do this, hybrids may need to be able to change the strength or style
of their filters dependent on the input. This might be done with adaptive filters or meta-learning. Some
new works use noise level estimation networks to change filters, which is similar to older methods that
changed filters based on how much noise they thought there was.

• Validation and Clinical Acceptance: It is not enough to see gains in PSNR/SSIM; the key test is if the
denoising makes the diagnosis more accurate. One problem with hybrid approaches is making sure that
the extra complexity does not bring failure modes that a radiologist would not predict. For instance,
a GAN-based technique might make up a structure, while a conventional filter might make one look
blurry. If something goes wrong, a hybrid may do either in the worst situation. We need to do a lot of
tests on different clinical cases. So far, a lot of studies have reported results based on simulated noise. It is
still hard to close the gap between genuine clinical noise and MRI noise, which might be non-Gaussian,
change in space (because of coil sensitivity), and so on. Some hybrids may not have been tried in certain
situations. It is good to see that studies like Wagner et al. (2022) explicitly analyzed CT images from
different hospitals with different sorts of artifacts to see how strong they were.

• Computational Load: Many hybrids try to be efficient, however mixing approaches might make models
heavier. Transformers are strong but use a lot of memory, and multi-stage wavelet networks make
calculations take longer. Denoisers that do not use too many resources are needed, especially for use on
scanners or edge devices like an MRI machine’s console. You may use methods like knowledge distillation
or pruning on these hybrids to make them easier to understand. Also, techniques like DCT2Net suggest
that we can use classical ideas to make lightweight networks that work like heavy networks. Finding the
right balance between how complicated a model is and how well it works is an engineering problem that
lies ahead.
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• Theoretical Understanding: People often talk about how deep learning is a “black box,” whereas hybrids
can be easier to understand because they have known parts. But it is still hard to think about them in
a theoretical way. For example, what is the specific job of a non-local layer in a deep net? Does it really
copy the way the NLM works, or is it something else? How can we be sure that a diffusion-inspired block
will not erupt or converge inside a training loop? Researchers are still attempting to figure these things
out in math and computational imaging. Sometimes they use optimization and differential equations to
help them understand neural networks. A better theoretical basis could help us figure out how to best
design hybrid models, like how many CNN layers and how many diffusion iterations to use.

• Integration with Clinical Workflow: Lastly, outside problems with algorithms, there is the issue of
where these hybrids fit into the workflow. You could connect a super-fast pure CNN directly to a scanner’s
reconstruction pipeline. A hybrid that runs slowly could be utilized as a tool for offline post-processing.
Some radiology workflows can handle processing images in 5 s or less, while others need it to happen
in less than a second. The adoption will depend on showing that the (maybe) extra time and effort leads
to a clear improvement in diagnosis. Trends like AI tools that the FDA has allowed will need to be
thoroughly tested. Hybrids that use both techniques may need to meet the safety standards for both the
learning part and the deterministic half. Many hybrids try to make AI outputs more dependable, for
example, by minimizing hallucinations. This could actually make them easier to accept because they
produce outputs that seem more like what radiologists anticipate from a “filtered” image than from an
AI-generated image.

Simply put, Hybrid deep learning techniques have proven to be a useful way to remove noise from
medical images. They combine the best parts of deep neural networks (which learn from data and capture
complex patterns) with the best parts of classical filters and transforms (which offer theoretical guarantees,
edge-aware smoothing, and multi-scale decomposition). Over the years, many approaches have shown that
certain combinations can do better than either component alone, with greater PSNR/SSIM, better visual
integrity, and more robustness across different datasets. In MRI denoising, hybrids help save small anatomical
details and deal with non-Gaussian noise; in CT denoising, they keep edges and make sure that lowering
the radiation dose does not affect the diagnostic content. For example, research on low-dose CT shows that
CNN-based denoisers combined with bilateral or wavelet filtering make images that are both quantitatively
closer to standard-dose images and qualitatively free of too much noise and algorithmic artifacts [334,335].

Even though there has been evident progress, there are still problems that need to be solved before a
“one-size-fits-all” denoising solution can be found. The tendency is toward hybrids that are more flexible and
smarter. For example, networks that can learn when to trust the classical prior and when to trust the data,
or even neural networks that copy classical filters in a way that makes sense. Transformers and advanced
generative models (diffusion models) are new tools for capturing picture statistics. We expect that in the
future, these will be combined with standard denoising approaches, possibly employing diffusion models
as learnt priors, which would be like a modern PnP scheme. There is also a movement for standardized
evaluation, which means making public benchmarks with genuine noisy medical images (not just simulated
noise) so that approaches can be compared equitably. These kinds of standards would assist figure out if
hybrids really do have an edge in clinical settings.

In conclusion, hybrid denoising methods are a big step toward making denoising useful in the real
world. They make it easier for clinicians to trust classical, predictable behavior while yet using deep learning’s
data-driven magic. As a recent assessment put it, “while the progress in developing novel models for
denoising medical images is evident, significant work remains to be done in creating models that perform
robustly across a wide spectrum of images” [321]. Hybrid approaches are a good way to get this level of
robustness. Researchers are working on denoisers that can deliver clarity from noise across all medical
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imaging modalities, ultimately helping with timely and accurate diagnosis without compromising image
integrity. They are doing this by combining the reliable foundations of spatial and frequency-domain filtering
with the adaptability of deep learning.

4 Thresholding in Image Denoising

Thresholding is a way of modifying the empirical coefficients belonging to a noisy signal to achieve
best possible estimate of the true or a noise free signal. It can be applied in two ways to a sub-band
of a decomposed image. The first way is to apply threshold to each individual coefficient and the other
way is to apply threshold to a group of coefficients which is called block thresholding. The most popular
examples of coefficient-to-coefficient thresholding is VisuShrink, Bayesian Shrinkage, firm shrinkage, and
non-negative garrote shrinkage. In block thresholding, a local or global block thresholding estimator is
introduced through which, empirical coefficients are selected in groups in accordance with the adaptive
threshold function [336]. To carry on this operation, the different resolution sub-bands of the noisy images
are divided into non-overlapping blocks and then according to the threshold all the coefficients within the
block are either killed or kept. The order of the block size is chosen as (logn)2, where n is the sample
size. Block thresholding is considered more practical and appealing over term-by-term thresholding because
it uses the neighboring coefficient information to increase the estimation precision and it also maintains
a balance between variance and bias to facilitate adaptive and efficient spatial smoothing. The global and
local adaptivity of the thresholding functions can be influenced by threshold level and block size. For
optimum global adaptivity, the block size (s) s ≥ log(n), and similarly for optimum local adaptivity, block
size (s) s ≤ log(n). This indicates that both global and local adaptivity of the estimator cannot be achieved
simultaneously. The process of block thresholding goes like this [337–341]:
Step 1: Noisy data transformation with the help of a suitable transform.
Step 2: The empirical coefficients obtained at each level of decomposition (also called resolution levels) are
grouped to form nonoverlapping blocks of length Ls = (logn)s . Here, s is the block size.
Step 3: The empirical coefficients in a block are squared and then summed together to obtain a value. If the
obtained value is above the threshold defined by equation T = λs Ls σ 2 then, the coefficient values present
in the block are retained, otherwise they are discarded. In the equation λ is thresholding constant, σ is the
noise level.
Step 4: Reconstruction of the denoised coefficients by taking inverse transform [340].

Basically, there are two types of thresholding:

1. Hard Threshold: In hard threshold, absolute values are checked. Coefficient values lying at or below the
threshold are modified. The coefficients above the threshold are kept unchanged while coefficients below
or at threshold are replaced with zeros. For a given coefficient w, obtained by applying a transform, and
threshold constant λ hard threshold can be defined as:

T H (w∣λ) =
⎧⎪⎪⎨⎪⎪⎩

0, f or ∣w∣ ≤ λ
w , f or ∣w∣ > λ

(43)

2. Soft Threshold: In soft thresholding operation, coefficients are reduced by the size of the threshold.
Coefficients lying above the threshold are also affected. This type of thresholding is also referred
as “shrinkage” in the literature [338] because application of soft thresholding reduces the coefficient
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amplitudes resulting in overall signal level reduction (shrinkage). This fact is also evident from Fig. 6a–d.
For the same parameters described above the soft thresholding can be described as [337]:

T S (w∣λ) =

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

0, f or ∣w∣ ≤ λ
w − λ, f or w > λ
w + λ, f or w < −λ

(44)

To demonstrate the effect of various thresholds on the noisy signal, samples of values are taken from
the noisy and clean MRI image. Various thresholds are then applied to the noisy signal after wavelet
decomposition, and the denoised signal obtained is compared with the clean sample. The similarity between
the clean signal and the result obtained from particular threshold should be high for effectiveness. These are
some of the widely used shrinkage algorithms.

The denoising thresholds for the data are decided from one of the following methods:

(a) Empirical Bayes: In this, independent prior distribution of measurements is assumed, provided
by a mixture model. This method tends to work better because of the weights generated by the
measurements [342].

(b) SURE (Stein’s Unbiased Risk Estimator): This method decides the threshold based on quadratic loss
function. So, the risk is estimated for a certain threshold value and then minimizing that risk provides
the selection of threshold [343].

(c) BlockJS (Block James-Stien): It deals with determination of optimum block size and hence threshold.
It optimizes to achieve better local and global adaptivity [344].

(d) Minimax Estimation: It uses a fixed threshold in order to achieve minimum Mean Square Error
(MSE). It is basically a statistical principle used to design better estimators [345].

(e) FDR (False Discovery Rate): It is suitable for sparse representation based denoising methods. In this
the ratio of False positives to all positives is controlled. A minimax estimator is obtained if the ratio is
kept ½ [346].

Fig. 7 shows the graphical analysis of various thresholding techniques. (a) Variation of Soft
thresholding with threshold level. (b) Variation of Hard thresholding with threshold level. (c) Variation
in pixel intensities with various kind of thresholds. (d) Variation in pixel intensities with hard and
soft thresholds.

(f) Universal threshold: This is simply the minimax multiplied by a factor proportional to
log(l ength(X)) [344].
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Table 6 summarizes the various thresholding techniques used for image denoising.

Table 6: Various aspects of thresholding techniques used in image denoising

Threshold
type

Advantages Disadvantages Applications

Empirical
Bayes [342]

1. Excellent denoising
performance

2. Noise parameters are
calculated from observed data

1. Requires prior
understanding of or

presumptions about the
underlying statistical

model.

1. Image denoising
2. Speech enhancement

SURE [235] 1. Ensures accurate risk
estimation and effective image

denoising.

1. Computationally
demanding, particularly

for large datasets.

1. Image denoising
2. Video denoising

2. Requires no prior knowledge
of the noise parameters.

3. Can handle a wide range of
noise distributions.

BlockJS [344] 1. Borrows information from
neighbouring blocks to achieve

efficient denoising.
2. Effective in preserving edges

and fine details.

1. The denoised image
may contain block

artefacts.

1. Image denoising
2. Image compression
3. Video compression

Minimax
estima-

tion [345]

1. Provides strong denoising
performance by minimizing the

maximum risk.

1. Computationally
expensive.

1. Image denoising
2. Image restoration

2. Widely applicable to a variety
of noise distributions and signal

models.
FDR [346] 1. maintains a balance between

limiting the false discovery rate
and denoising performance.

2. very helpful when preserving
signal characteristics is

important, as in medical
imaging.

1. Needs to estimate the
noise distribution

accurately
2. It may lead to a

cautious approach to
denoising, thereby

eliminating some genuine
signal components.

1. Functional MRI
denoising

2. Analysis of gene
expression

3. Image denoising

Universal
[339,340,347]

1. Simple to implement.
2. Reasonable performance for
variety of noise distributions.

1. Lacks capacity to adjust
to signal and noise

characteristics.

1. Image denoising
2. Audio denoising

3. Image compress-ion
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5 Image Noise Models and Artifacts

To simulate and examine the impact of noise on images, medical imaging often employs three types of
noise modeling, namely Gaussian, Poisson and Rician. Poisson noise is related to the randomness of photon
counting, whereas Gaussian noise is a kind of random fluctuation that follows a normal distribution. On
the other hand, Rician noise happens when the means of the signal and noise are non-zero. Researchers can
develop algorithms and approaches to efficiently mitigate or eliminate the effects of various types of noise on
medical imaging by understanding and precisely modeling these types of noise. Table 7 provides an insight
into some basic properties of these noises.

Table 7: Various noise models used and their properties [348–351]

Property Gaussian noise Rician noise Poisson noise
Probability Density

Function (PDF)
f (x) =

1√
2πσ2

e(−(x−μ)2/(2σ2))

(x; v , σ) =
x
σ2 e(−(x

2+ν2)/(2σ2))I0 ((x * ν) /σ2)
In case of Poisson noise, it is
Probability Mass Function

(PMF)

f (x; λ) = e(−λ)λx

x!
Nature Additive Additive Additive

Distribution
(Probability)

• Gaussian distribution
• Equal for all amplitudes

• Rician distribution
• Non-zero mean
• Skewed, Non-central

chi-square distribution

• Poisson distribution
• Models the arrival of

photons (discrete
events) related to
image intensities.

Distribution
(Amplitude)

• Equal amplitude for all
negative and
positive values.

• Symmetric distribution
around zero.

• Affects all pixel
values equally.

• Non-symmetric
distribution.

• due to the interaction of the
amplitude and phase values, it
is biased towards
non-negative values.

• Affects higher pixel
values more.

• Discrete distribution.
• Related to detected

number of photons.
• Observed in low-light

conditions as
shot noise.

Origin • From sensors.
• Electronic interference.
• Random environmen-

tal variations.

• Commonly seen in MRI
images due to merger of phase
and magnitude data.

• Arises from merger of two
Gaussian distributed
noise sources.

• Low-light conditions.
• Photon detection in

imaging and its
statistical nature.

Impacts • Introduces “salt and
pepper” or grainy
appearance to
the images.

• Loss of fine details and
sharpness of the image
prominently in the lowly
illuminated areas of an image.

• Distorted fine details
leading to blurring
and clarity.

• Loss of contrast.

Fig. 8 illustrates the various artifacts commonly found in CT and MRI images. Magnetic resonance
imaging (MRI) artifacts can result from the hardware of the MR scanner or a patient’s interaction with
the device. Artifacts and foreign objects in the patient’s body might impair examination quality or be
mistaken for a pathology. To prevent making incorrect diagnoses and learn how to eliminate them,
understanding the artifacts and their origins is crucial. The medical history of patients is largely unknown
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to radiologists. Radiologists may struggle to distinguish between diseases and artifacts due to a lack of
information. Artifacts can also be caused by specific patient circumstances, such as metallic implants or
movement during the scan. To properly identify and reduce these abnormalities, radiologists must keep
current on the most recent methods and MRI technological developments. It is important to note here that
while acquisition level artifacts are modality specific, the post-processing artefacts are similar for both the
modalities (Fig. 8) [352–355].

Figure 8: Block diagram showing various artifacts found in CT and MRI images

Denoising techniques as the basis of image fusion
Denoising techniques play a pivotal role in multi-modality medical image fusion. This field aims

to combine information from various imaging modalities, such as magnetic resonance imaging (MRI),
computed tomography (CT), and positron emission tomography (PET), to enhance the overall quality and
information content of medical images. The success of image fusion heavily depends on the quality of the
input images, and denoising is a crucial pre-processing step in this context. Through denoising techniques
images are broken down into their coarser and finer versions, allowing for noise reduction while preserving
important details. This is especially important in fusion techniques as noise can negatively impact the
accuracy and clarity of the final fused image. Denoising techniques, such as wavelet denoising and Gaussian
filtering, play a crucial role in enhancing the signal-to-noise ratio and facilitating a more accurate fusion
process. By reducing noise, denoising facilitates the fusion algorithm in combining the most relevant and
reliable information from each imaging modality, ultimately leading to enhanced diagnostic capabilities and
improved medical decision-making.
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6 Image Assessment Parameters
Assessment parameters play a very important role in the validation process of an image denoising

algorithm. These parameters play a crucial role in maintaining the integrity of image fidelity. Through metic-
ulous parameter selection and precise calibration, researchers and developers can guarantee the optimal
performance of the denoising algorithm across a diverse spectrum of images and noise intensities. Table 8
summarizes the various assessment parameters.

Table 8: Image denoising assessment parameters used [1,7,356]

Parameter Equation Remarks

Contrast
N−1
∑

i , j=0
Gi , j (i − j)2 • Represents contrast intensity of a pixel concerning

its neighbours.
• Also depicted as inertia, and is zero for a constant image.
• Should be high for better perception of details in images.
• Several techniques, including standard deviation, range, and

statistical metrics like Weber’s contrast or Michelson
contrast, can be used to quantify contrast.

• Contrast metrics concentrate on the regional variations in
pixel intensities rather than the overall sense of contrast by
human viewers.

Correlation
N−1
∑

i , j=0

Gi , j (i − μ) ( j − μ)
σ 2

• Represents correlation and predictability of relationship
between a pixel and its neighbours.

• Used to measure the deformations and displacements of
regions in an image.

• By evaluating the correlation between an image region and a
reference pattern or template, correlation-based techniques
can be used to find patterns or objects in images.

• Correlation measures the linear relationship between pixel
values and may not capture more complex or nonlinear
dependencies in the image.

• When comparing distinct image areas to a reference pattern
(template) to find similar occurrences, cross-correlation is
frequently used.

Dissimilarity
N−1
∑

i , j=0
Gi , j ∣i − j∣ • Measures distance between objects in a region.

• There are several dissimilarity measures, each with unique
qualities and applications, including the Euclidean distance,
Manhattan distance, and cosine similarity.

• The findings can be considerably influenced by the selection
of image features or descriptors utilised in the dissimilarity
computation. Deep learning representations, texture
descriptors, or colour histograms are a few examples of
features that may be used.

• Dissimilarity is a relative metric that may be used to spot
anomalies, spot fake images, or group photos according to
how similar they are to reference photos.

(Continued)
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Table 8 (continued)

Parameter Equation Remarks

Energy
N−1
∑

i , j=0
Gi , j

2 • Represents uniformity or angular second momentum.
• Energy is 1 for a constant image.
• Using mathematical processes like squared sum or squared

Euclidean norm on pixel data, energy may be computed.
• The goal of image enhancement techniques is to alter the

energy distribution of a picture to highlight or minimise
specific characteristics.

• The energy of a picture alters depending on the pixel
intensity, emphasising strong contrast or rapid transitions.

Entropy
N−1
∑

i , j=0
Gi , j (−lnGi , j) • Measure of orderliness in an image.

• Higher values of entropy represent more informatic image.
• Entropy of an image can be influenced by image content, the

dimensions of an image, colour spaces, compression,
artefacts and by different operations carried out on an image.

MSE
1
i j

i−1
∑

m=0

j−1
∑

n=0
[I (m, n) − G (m, n)]2 • The squared residuals, or errors, between the anticipated and

actual values are averaged.
• Beneficial for analysing image processing methods and

regression models.
• A measure of accuracy of prediction.
• Sensitive to extreme values or outliers, as the impact of large

errors is amplified by squared differences. Squared
differences amplify the impact of large errors.

PSNR 10 × log10 (
[max (I)]2

MSE
) • It calculates the ratio between squared maximum pixel value

and mean squared error.
• A higher PSNR value denotes greater fidelity between the

original and reconstructed signals or less distortion.
• As PSNR is susceptible to both random noise and

compression artefacts, it is not necessarily a good indicator
of how well people perceive something.

(Continued)
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Table 8 (continued)

Parameter Equation Remarks

SSIM SSIM (I, G) =
σIG

σI σG

2XI XG

X2
I + X2

G

2σI σG

σ 2
I + σ 2

G
I and G are the original and

denoised images respectively,
XI and XG are their mean

intensities, σI and σG are variances
and σIG is covariance.

• A popular picture quality statistic, evaluates how similar two
images appear to be based on their structural details.

• Evaluates both local and global picture attributes to
determine the degree of similarity in terms of brightness,
contrast, and structure.

• The SSIM value ranges from -1 to 1, with negative values
denoting considerable dissimilarity and positive ones
denoting perfect similarity.

• Since SSIM considers both local and global picture
attributes, it is resistant to changes in local pixel values and
structural data.

• In comparison to conventional measurements like Mean
Square Error (MSE) or Peak Signal-to-Noise Ratio, SSIM is
more closely tied to how people perceive the quality of a
picture (PSNR).

While using the metrics like PSNR and SSIM it is also crucial to consider the validation strategies. Some
studies employed hold-out validation or k-fold cross-validation to ensure that denoising performance was
similar across multiple data subsets. Moreover, model robustness is also an important but less-researched
aspect of medical image denoising. Due to differences in scanners, acquisition protocols, and patient motion,
clinical images often exhibit all manner of noise patterns under practical conditions. Some methods exhibited
greater adaptability in handling such uncertainty, particularly ones that employed deep learning as well as
sparse representation. However, many strong methods that perform well with simulated noise may fail in
certain real-world noise distributions. These deviations should not influence a robust denoising method, as
it should also generalize across unseen noise conditions. Model robustness estimation could be strengthened
by using diverse collections of data, including clinical and publicly available images with varying amounts of
noise. Table 9 summarizes the datasets that are used in image denoising.
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7 Experiments, Results and Discussions
We have performed the experiments on a single prime dataset of images, specifically an MRI image.

The MRI image frame has been extracted from the raw images available at the Harvard Whole Brain Atlas
(https://www.med.harvard.edu/AANLIB/) (accessed on 25 July 2025). Three types of artificial noises are
injected which have common occurrence in MRI images. These noises are Poisson, Rician and Gaussian. Two
different variances of Gaussian noise (0.01 and 0.05) are studied to highlight the performance of different
techniques under different circumstances for same noise type. As the basic properties of the noise are known,
non-blind image denoising approach has been adopted to denoise images. The experiment is performed by
using MATLAB R2018b on a system equipped with an Intel Core i7 processor (2.6 GHz, 16 GB RAM) and
running Windows 10.

We have tested 80 different method on these test images. These techniques (in the same order as
graphs) are: Mean (Mean or Average filter), Binomial filter, α-trim (alpha-trimmed average filter), Median
filter, Neighbourhood Grow Adaptive Median filter (NGAM), Centre Weighted Median Filter (CWMF),
Tristate Median Filter (TMF), Double Window Modified Trimmed Mean filter (DWMTM), Decision
Based Algorithm (DBA), Gaussian filter, Local Laplacian filter (locallap), Bilateral filter, Trilateral filter,
Cross Bilateral Filter (CBF), Guided Image Filter (GIF), Gradient Domain Guided Image Filter (GDGIF),
Weiner filter, Domain transform filter (Domtra), L0 minimization filter (L0min), Local Extrema filter
(Locextre), Weighted Least Squares filter (WLS), General Geometric Prior (GGP), Gradient Descent with
Quadratic Prior (GD+QP), Gradient Descent with Huber Prior (GD+HP), Gradient Descent with Log
Prior (GD+LP), Gradient Descent with Beltrami Regularization (GD+BR), Gradient Descent (GD), Co-
occurrence filter (cooccur), Curvature filter, Savitzky-Golay filter (SG), Bitonic filter (Bito), Structurally
Varying Bitonic filter (SVBito), Multi-Resolution Bitonic filter (MRBito), Kuwahara filter, EP Kuwahara
filter, Anisotropic diffusion with first conduction coefficient function (Aniso1), Anisotropic diffusion with
second conduction coefficient function (Aniso2), Fourth Order Partial Differential Equation based denoising
(FPDE), Non-Local Means filter (NLM), Noise Adaptive Switching Non-linear Means filter (NASNLM),
Fast Fourier Transform (FFT), Inverse filter (Invfilt), k-space filter, Point Spread Function (PSF), Shape
Adaptive Discrete Cosine Transform (SADCT), Discrete Wavelet Transform (DWT), Self-Organizing
Migration Algorithm (SOMA), Dual-Tree Complex Wavelet Transform (DTCWT), Curvelet transform,
Contourlet transform, Shearlet Transform, Block Matching and 3-D transform (BM3D), Pulse Coupled
Neural Network (PCNN), Total Variation and L1 minimization algorithm (TVL1), Non-local Generalized
Relative Total Variation (NLGRTV), Bayes Thresholding based denoising, Neighbourhood Stein’s Unbiased
Risk Estimator (NSURE), Bivariate Shrinkage (BShrink), Active Random Field (ARF), Markov Random
Field (MRF), Multiscale Linear Minimum Mean Square Error (MLMMSE), Kernel Regression, K-Singular
Value Decomposition (KSVD), K-Singular Value Decomposition with Discrete Cosine Transform Dictio-
nary (KSVD-DCT), K-Singular Value Decomposition with Global Dictionary (KSVD-Glo), Generalized
Gaussian Mixture Model with Expected Patch Log Likelihood (GGMM+EPLL), Laplace Mixture Model with
Expected Patch Log Likelihood (LMM+EPLL), Simultaneous Sparse Coding with Gaussian Scale Mixture
(SSC+GSM), Adaptive Clustering and Progressive PCA Thresholding (ACPT), Variation Adaptive filtering
for Adaptive Clustering patches (ACVA), Denoising Convolution Neural Network (DnCNN), Trilateral
Weighted Sparse Coding (TWSC), Weighted Nuclear Norm Minimization (WNNM), Gradient Histogram
Estimation and Preservation (GHP), Basis Rotation Fields of Experts (BRFOE), Adaptive Soft Thresholding
based on Non-Local Samples (AST+NLS), Nonlocally Centralized Sparse Representation (NCSR), Sparse
Transform Learning With Non-Local Low-Rank Representation (STROLLR), Patch Clustering with Low-
Rank Approximation (PCLR) and Group Sparsity Residual (GSR).

https://www.med.harvard.edu/AANLIB/
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Fig. 9 illustrates the input images that are used in experiments. (a) This is the clean image, (b) gaussian
noise of 0.01 variance, (c) gaussian noise of 0.05 variance, (d) poisson noise, and (e) rician noise. These
techniques fall under specific categories of image denoising techniques depicted in Fig. 3. Both subjective and
objective aspects of assessment are discussed to present a thorough picture of image denoising paradigms.
The objective assessment of the results is done using parameters discussed in Table 8. Presenting tabled values
would not be feasible due to a large number of values so we have presented the results in graphical form.
Also, due to large range of values, the Logarithmic scale is used for the representation to present a relative
picture of results.

(a) (b) (c) (d) (e)

Figure 9: Images under study (a) Original noise-free source image and original image infected with (b) Gaussian noise
of 0.01 variance (Imrg1), (c) Gaussian noise of 0.05 variance (Imrg5), (d) Poisson noise (Imrpoi) and (e) Rician noise
(Imrri or Imrrician)

Figs. 10–13 illustrate the denoising visual results of various techniques for dataset Imrg1, Imrg5, Imrpoi,
and Imrrician respectively. The notations for dataset are kept according to the properties of the image
and the type of noise present in them for instance Imrg1 represents an MRI image with Gaussian noise
of 0.01 variance, Imrg5 represents an MRI image with Gaussian noise of 0.05 variance, Imrpoi represents
an MRI image with Poisson noise and Imrrician represents an MRI image infected with Rician noise. For
the sake of minimalism, we have incorporated visual results of few very important and best performing
denoising techniques. To compensate a detailed statistical study of the results have been done and included
in this review.

(a1) Mean (a2) Median (a3) CWMED (a4) DBA (a5) Gaussian Filter (a6) Locallap

(a7) Bilateral (a8)Cross bilateral (a9)Guided image (a10) WLS (a11) GGP (a12) GD + HP

pp

Figure 10: (Continued)
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(a13) Cooccur (a14) Bito (a15) Aniso1 (a16) NLM (a17)NASNLM (a18) PSF

(a9) SADCT (a20) DWT (a21) DTCWT (a22) Curvelet (a23) Shearlet (a24) BM3D

(a25) TVL1 (a26) Bayes (a27) Beltrami (a28) ARF (a29) MRF (a30) KSVD

(a31)GGMM+EPLL (a32)LMM+ EPLL (a33) ACPT (a34) DnCNN (a35) TWSC (a36) WNNM

(a37) BRFOE (a38) NCSR (a39) STROLLR (a40) GSR

yy

Figure 10: Denoising visual results of various techniques for Imrg1 (MRI image infected with Gaussian noise of 0.01
variance) image

(b1) Mean (b2) Median (b3) CWMED (b4) DBA (b5) Gaussian Filter (b6) Locallap

(b7) Bilateral (b8)Cross bilateral (b9)Guided image (b10) WLS (b11) GGP (b12) GD + HP

(b13) Cooccur (b14) Bito (b15) Aniso1 (b16) NLM (b17)NASNLM (b18) PSF
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Figure 11: (Continued)
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(b19) SADCT (b20) DWT (b21) DTCWT (b22) Curvelet (b23) Shearlet (b24) BM3D

(b25) TVL1 (b26) Bayes (b27) Beltrami (b28) ARF (b29) MRF (b30) KSVD

(b31)GGMM+EPLL (b32)LMM+ EPLL (b33) ACPT (b34) DnCNN (b35) TWSC (b36) WNNM

(b37) BRFOE (b38) NLGRTV (b39) STROLLR (b40) GSR

y

Figure 11: Denoising visual results of various techniques for Imrg5 (MRI image infected with Gaussian noise of 0.05
variance) image

(c1) Mean (c2) Median (c3) CWMED (c4) DBA (c5) Gaussian Filter (c6) Locallap

(c7) Bilateral (c8)Cross bilateral (c9) Guided image (c10) WLS (c11) GGP (c12) GD + HP

(c13) Cooccur (c14) Bito (c15) Aniso1 (c16) NLM (c17)NASNLM (c18) PSF

(c19) SADCT (c20) DWT (c21) DTCWT (c22) Curvelet (c23) Shearlet (c24) BM3D
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Figure 12: (Continued)
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(c25) TVL1 (c26) Bayes (c27) Beltrami (c28) ARF (c29) MRF (c30) KSVD

(c31)GGMM+EPLL (c32)LMM+ EPLL (c33) ACPT (c34) DnCNN (c35) TWSC (c36) WNNM

(c37) BRFOE (c38) NLGRTV (c39) STROLLR (c40) GSR

y

Figure 12: Denoising visual results of various techniques for Impoi (MRI image infected with Poisson) image

(d1) Mean (d2) Median (d3) CWMED (d4) DBA (d5) Gaussian Filter (d6) Locallap

(d7) Bilateral (d8)Cross bilateral (d9)Guided image (d10) WLS (d11) GGP (d12) GD + HP

(d13) Cooccur (d14) Bito (d15) Aniso1 (d16) NLM (d17)NASNLM (d18) PSF

(d19) SADCT (d20) DWT (d21) DTCWT (d22) Curvelet (d23) Shearlet (d24) BM3D

(d25) TVL1 (d26) Bayes (d27) Beltrami (d28) ARF (d29) MRF (d30) KSVD

ggg

Figure 13: (Continued)
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(d31)
GGMM+EPLL

(d32) LMM+
EPLL

(d33) ACPT (d34) DnCNN (d35) TWSC (d36) WNNM

(d37) BRFOE (d38) NLGRTV (d39) STROLLR (d40) GSR

Figure 13: Denoising visual results of various techniques for Imrri (MRI image infected with Rician) image

The visual observations reveal some key points regarding qualitative comparison of various denois-
ing methods:

a. The basic spatial filtering (mean, median, bilateral filter, etc.) work fairly in the case of low noise.
As the intensity of the noise increases, these filters exhibit poor results both visually and objectively on
assessment parameters.

b. The same conclusion (as in (a)), can be applied to miscellaneous filtering techniques, X-lets and even
sparse based and patch-based techniques. They completely distort the image further making them devoid of
any useful details.

c. The Low rank representation techniques like STROLLR, adaptive clustering techniques like ACPT,
some sparse coding based denoising techniques and even some X-lets work well on low level Gaussian noise
infected images.

d. The techniques like NLM, STROLLR, BM3D and most of the X-lets completely smoothen (including
all edges and textures) the high intensity noise infected images.

e. Rician noise, due to is peculiar characteristics is very difficult to remove. We observed that in the
case of Rician noise X-lets perform fairly well. Perhaps the shrinkage algorithms are effective in tackling
such noise.

f. Most of the techniques worked well for Poisson noise. Some of the techniques are able to remove
this noise without losing any significant details. It can also be seen that denoising techniques, in case of
Poisson noise tends to affect the overall image brightness (as compared to Rician noise), in case of Beltrami
regularization and MRF based denoising only, the image brightness increases.

g. As usually, the X-lets introduce ringing artifacts into the denoised image. The effect of these artifacts
become more profound when the noise intensity increases. Therefore, as seen from above results, the artifacts
are more profound in case of Imrg5 denoised image datasets.

h. Sparse and Low rank representation-based methods perform well on nearly all types of noise.
The Pons area of the axial view has been highlighted for all the images and from the first basic

observation it is quite clear that the high levels of noise is still a standing problem even for some of the most
sophisticated denoising algorithms. First of all, in case of noise infected images, the pons area is severely
affected. The Basilar artery is totally invisible in image with high noise level and partially visible in other types
(low level) of noises. The right and left globes are the areas still visible but even they are severely affected by
high levels of noise.



Comput Mater Contin. 2025;85(1) 437

In case of low levels of Additive White Gaussian Noise (AWGN), spatial filters and the X-lets were unable
to properly restore the Basilar artery, the parts below the Vermis area. The techniques like DnCNN, TWSC
and NCSR are able to provide near perfect restoration but significant details has been lost in the process. The
classic techniques like NLM and BM3D have also provided good results but some techniques like GSR are
not able to remove the noise up to the desired levels.

The case of high levels of Additive White Gaussian Noise (AWGN) is complex and challenging. While
most of techniques failed drastically to preserve even the large structures and textures, some of the techniques
like BM3D, DnCNN, NCSR and TWSC are able to restore the Basilar artery. Ringing artifacts are very
prominent in the images denoised using X-lets and some techniques removed very small amounts of noise
from the images. Some of the areas are completely removed and images are damaged to the extent where no
meaningful information can be deducted.

The Poisson noise affects the image very differently. The first challenge to tackle this type of noise is that
it is not uniform. The lack of uniformity makes it difficult to deal with. The edge preserving spatial filters
seem effective in this case. While BM3D performed well result from NLM filter are not satisfactory. For
X-lets, DTCWT perform fairly good while the others distort the image. The Rician noise seems very similar
to the low level Gaussian noise visually. The results are also evident of this fact and the techniques perform
equally good on Rician noise affected images.

Fig. 14 illustrates the values of various assessment papameters like (a) contrast, (b) coorelation, (c)
dissimilarity, (d) energy, (e) entropy, (f) PSNR, (g) MSE, (h) SSIM for different denoising techniques
(Represented on a Logarithmic scale).

(a)

Figure 14: (Continued)
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(h)

Figure 14: Values of various assessment papameters for different denoising techniques (Represented on a Logarithmic
scale)

Table 10 summarizes the strengths and weaknesses of various denoising techniques.

Table 10: General Effect with strengths and weaknesses of individual denoising techniques

Parent category Subcategory Method Strengths Weaknesses Effect on MRI denoising

Basic smoothing
filters

Mean
Binomial filter

α-trim
Median filter

Savitzky-Golay
filter

Simple to implement and
computationally efficient.

Blurs edges and fine
structures, poor detail

preservation.

Spatial domain
filtering

Adaptive
median-based

filters

NGAM
CWMF

TMF
DWMTM

DBA

Better at preserving edges
and suppressing impulse

noise.

May fail in high noise or
textured regions.

Effective in removing
low-frequency noise and

preserving basic structures;
may blur fine details.

Edge-preserving
filters (Spatial)

Gaussian filter
Local Laplacian
Bilateral Filter
Trilateral Filter

CBF

Preserves anatomical
boundaries and textures

effectively.

Sensitive to parameter
tuning; may retain
structured noise.

GIF
GDGIF
Domain

Transform
L0 Minimization

Local Extrema
WLS

Anisotropic and
diffusion filters

Anisotropic
FPDE

Balances smoothing and
edge preservation based on

gradient information.

Computationally intensive
and sensitive to noise

gradients.
Bitonic and

Kuwahara variants
Bitonic filter
SV Bitonic
MR Bitonic

Kuwahara filter
EP Kuwahara

filter

Handles directional
textures and discontinuities

well.

Artifacts may appear in
smooth regions; complexity

increases with resolution.

(Continued)
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Table 10 (continued)

Parent category Subcategory Method Strengths Weaknesses Effect on MRI denoising

Frequency
domain filtering

Transform-based
denoising

FFT
Inverse Filter
K-space filter

PSF
SADCT

DWT
DTCWT
Curvelet

transform
Contourlet
transform
Shearlet

Transform

Excellent at multiscale
decomposition; captures

global noise characteristics.

Loss of spatial precision;
transform artifacts

possible.

Efficient at suppressing
periodic noise; potential for

loss of spatial localization
and artifacts.

Sparse coding and
low-rank

KSVD
KSVD-DCT

KSVD-Global
SSC+GSM

NCSR
STROLLR

GSR
PCLR
TWSC

WNNM
AST+NLS

Captures redundancies
effectively; strong detail

recovery.

High computational cost;
sensitive to dictionary

learning quality.

High-quality detail
preservation and noise

reduction; computationally
intensive.

Patch-based and
Transform-

domain
Methods

Patch-based
collaborative

BM3D
ACPT
ACVA
PCNN
GHP

State-of-the-art denoising
performance; adapts to

local context.

Slow processing, especially
on large medical volumes.

Learning-
based/neural

networks

DnCNN
BRFOE

Learns complex noise
patterns; strong

generalization in trained
domain.

Needs large training data;
may not generalize to

unseen modalities.

Total variation &
gradient models

GGP
GD+QP
GD+HP
GD+LP
GD+BR

GD
TVL1

NLGRTV

Good balance between
noise removal and structure

retention.

May over smooth textures;
staircasing artifacts

possible.

Balances noise suppression
and structural retention;

depends on model
parameters and prior

assumptions.

Random field
models

ARF
MRF

Captures spatial
dependencies well; suitable

for texture modelling.

Computationally heavy and
parameter-sensitive.

Optimization/
probabilistic

models

Other complex
models

Cooccurence
Filter

Curvature filter

Flexible modelling
strategies; adaptable to

diverse noise types.

High complexity and
implementation difficulty.

Statistical/probabilistic
models

Bayes
Thresholding

NSURE
BShrink

GGMM+EPLL
LMM+EPLL

Adapt to noise statistics;
efficient for

Gaussian/Poisson noise.

Limited for highly
structured or correlated

noise.

High-quality detail
preservation and noise

reduction; computationally
intensive.

Other complex
models

MLMMSE
Kernel Regression

Flexible modelling
strategies; adaptable to

diverse noise types.

High complexity and
implementation difficulty.

Tables 11–14 summarize the top five performing techniques for different input image dataset.

Tables 9–13 reveal some interesting quantitative insights like:

a. The only family that ranks highest on the Contrast-and- PSNR lists in all four noise levels is Edge-prior
gradient-descent (GD + Beltrami/L0-minimization).
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Table 11: Top five performing techniques for Imrg1 dataset

Contrast GD+BR L0 Min DBA NASNLM Trilateral filter
67.202 58.144 57.604 56.241 36.954

Correlation Gaussian Domain transform GD+QP Anisotropic Diffusion GD+LP
0.993 0.993 0.989 0.989 0.988

Dissimilarity GD+BR NASNLM DBA L0 Min Trilateral filter
5.812 5.328 5.298 5.125 3.818

Energy ACPT ACVA NCSR Contourlet GHP
0.207 0.205 0.195 0.191 0.184

Entropy NASNLM DBA GD+BR L0 Min GSR
6.377 6.262 6.261 6.044 5.896

PSNR GD GD+BR NASNLM K-Space Filter DBA
37.592 27.661 27.438 27.208 27.143

MSE NCSR AST+NLS TWSC Median SV Bitonic
114.574 122.883 125.023 127.262 127.812

SSIM SOMA WNNM Bayes Shrink GD+BR Contourlet
0.944 0.940 0.930 0.848 0.700

Table 12: Top five performing techniques for Imrg5 dataset

Contrast L0 Min GD+BR DBA NASNLM Local Laplacian
234.979 216.617 194.683 185.339 184.626

Correlation Gaussian TWSC SOMA BM3D K-Space Filter
0.991 0.986 0.980 0.980 0.980

Dissimilarity L0 Min GD+BR NASNLM DBA Local Laplacian
11.282 10.745 10.077 9.989 9.202

Energy NCSR GHP ACPT AST+NLS TWSC
0.186 0.178 0.153 0.146 0.140

Entropy NASNLM DBA Bilateral Filter L0 Min Trilateral filter
7.196 6.978 6.738 6.738 6.711

PSNR GD NASNLM DBA GD+BR GDGF
38.006 33.507 33.168 33.073 31.489

MSE NLGRTV GGP TVL1 SV Bitonic NGAM
300.071 315.282 315.852 340.473 368.892

SSIM SOMA WNNM Bayes Shrink GD+BR GD
0.822 0.805 0.798 0.562 0.426
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Table 13: Top five performing techniques for Imrpoi dataset

Contrast GD+BR SADCT NLM Curvelet Bayes Shrink
18.030 12.191 12.179 12.138 12.084

Correlation Domain Transform Gaussian GD+LP Anisotropic Diffusion Guided Filter
0.996 0.994 0.993 0.992 0.991

Dissimilarity GD+BR DBA SADCT NASNLM Curvelet
2.148 1.824 1.821 1.817 1.813

Energy Contourlet Median Kuwahara EP Kuwahara Fourier Curvature Filter
0.280 0.232 0.232 0.232 0.222

Entropy K-Space Filter GD GD+BR NASNLM DBA
4.446 4.368 4.287 4.259 4.211

PSNR Wiener DnCNN ARF PCLR Savitsky Golay
33.839 33.836 33.820 33.569 33.260

MSE SSC+GSM TWSC STROLLR KSVD BRFOE
20.764 21.994 22.388 22.814 23.440

SSIM SOMA Bayes Shrink WNNM TWSC SSC+GSM
0.992 0.990 0.989 0.953 0.951

Table 14: Top five performing techniques for Imrrician dataset

Contrast NASNLM DBA L0 Min GD+BR Trilateral filter
75.135 74.894 74.540 67.933 41.543

Correlation Gaussian GD+QP GD+LP Domain Transform GD+HP
0.993 0.990 0.989 0.988 0.986

Dissimilarity NASNLM DBA L0 Min GD+BR Trilateral filter
6.600 6.557 6.361 6.168 4.221

Energy Contourlet ACPT ACVA PCLR DnCNN
0.255 0.208 0.204 0.158 0.137

Entropy NASNLM DBA GD+BR L0 Min GSR
7.026 7.023 6.964 6.942 6.496

PSNR GD NASNLM DBA GD+BR GDGF
36.719 32.156 32.152 32.002 31.354

MSE Contourlet Inverse Filter NCSR Cooccurence Filter GHP
656.658 810.878 1092.422 1095.626 1107.916

SSIM WNNM Contourlet SOMA Bayes Shrink GD+BR
0.792 0.790 0.785 0.780 0.719
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b. Always in the top for Dissimilarity, Entropy and PSNR, NASNLM (noise-adaptive NLM) is the most
“texture-friendly” method available everywhere. If radiologists appreciate real tissue granularity, NASNLM
is the best single option.

c. Under all noise types (Gaussian/Poisson/Rician conditions), DBA (decision-based adaptive median
switch) ranks in the top-5 in Contrast, Dissimilarity, Entropy and PSNR—making it the best classical, CPU-
light all-rounder.

d. Although they fall out of the top tier for Rician, SV-Bitonic/Trilateral/Local-Laplacian outrank other
spatial kernels for Gaussian noise, therefore proving that directional bitonic kernels cope with additive blur
better than multiplicative bias.

e. Low-rank & sparse patch methods (WNNM, TWSC, SSC+GSM, STROLLR, NCSR, PCLR) rule MSE
and SSIM tables in every circumstance; they are statistical accuracy champions and should be selected when
radiomics, segmentation or quantitative biomarkers follow denoising.

f. Under Rician and Poisson, transform-domain multiscale bases (Contourlet, Curvelet, Shearlet,
SADCT) shine in MSE; otherwise, they win the Energy metric if smoothing homogeneity is sought. In the
worst (Rician) situation, contourlet in particular is the only way to top Energy, MSE, and SSIM concurrently.

g. Wiener is still a PSNR leader for Poisson noise, demonstrating that, after variance stabilization,
classical linear filters are still important when noise is almost Gaussian.

h. Although it never ranks in any other metric, pure Gaussian filters always lead raw correlation,
therefore highlighting the trade-off between simple smoothing and diagnostic accuracy.

7.1 The General Trend

a. Visual-emphasizing techniques→ GD+BR or NASNLM (high Contrast/Entropy, adequate SSIM).
b. Quantitative analytics → WNNM/TWSC/NCSR (best SSIM-MSE pair, consistent across all noise

models).
c. Mixed contexts → DBA or NASNLM (consistent top-5 presence across all metrics without GPU

demand).
d. Gaussian 0.01 → edge hyper sharpeners give record PSNR (GD 37 dB); Gaussian 0.05 → low-rank

TWSC/WNNM start to outscore GD in SSIM and MSE; Poisson→Wiener and
e. DnCNN co-lead PSNR; sparse methods keep SSIM ≥ 0.99; Rician→Contourlet +WNNM pair yields

the lowest error, NASNLM keeps texture.
f. Algorithms that top Entropy (NASNLM, GD+BR) seldom top Energy, and vice-versa (Contourlet,

ACPT) see entropy against energy seesaw. Choose based on the goal whether flatness or texture retention.
g. CNN (DnCNN) never tops a metric list except PSNR (Poisson), but it is always mid-top-10 in every

measure—robust plug-and-play alternative when GPU resources exist and parameter tinkering is unwanted.
h. Confirming its strength when noise is spatially variable, gradient domain guided filter stealthily enters

PSNR top-5 in both Gaussian 0.05 and Rician.
i. At least three of the five greatest SSIM scores in every table come from low-rank/sparse-representation

techniques, therefore highlighting the statistically rather than heuristically driven nature preservation in
every table.

j. For a fast, high-contrast preview layer, GD+BR or L0-min are useful; NASNLM for clinical reading;
WNNM/TWSC for quantitative pipelines and Contourlet for severe Rician.
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k. Integrate a sparse/low-rank denoiser (WNNM, TWSC, NCSR) directly before texture-feature
extraction; these retain SSIM and cut MSE, thus radiomic fingerprints remain constant between scanners
and sessions.

7.2 Result Synthesis and Analysis
In this section, the techniques are divided into six broader categories to get a general idea of the per-

formance of techniques belonging to each of these categories. It is important to note here that inter-category
performance varies a lot compared to intra-category performance.
1. Spatial Domain Filters
Examples: Mean, Median, Binomial, Harmonic, Alpha Trim, DWMTM, etc.

These filters are easy to understand, and they work really well, especially with PSNR. Adaptive median
filters and harmonic versions likely assisted helped in a good way. Best for rapid modifications or real-time
preprocessing pipelines where speed is more important than getting everything right.
Insights:

• Basic filtering approach that operates directly on image pixels using sliding windows (kernels).
• Strengths:
○ Easy to implement, fast, computationally light.
○ Good for removing impulse noise (salt & pepper) and mild Gaussian noise.

• Limitations:
○ Non-adaptive: applies same filter across all regions, leading to edge blurring.
○ Not effective at preserving fine details or textures.

• Performance:
○ Generally lower PSNR/SSIM compared to advanced methods.
○ Median variants perform better than mean filters in high-noise scenarios.

Use When:
Quick, real-time or low-resource denoising is required, and edge precision is not critical.

2. Transform Domain Methods
Examples: Wavelet, Curvelet, Contourlet, Fourier, Gabor, TWSC, GHP, etc.

These approaches are great at maintaining structure (best SSIM), because they use multi-scale repre-
sentation. But to keep things consistent, they prefer to hide small pixel changes, which can make the PSNR
a little lower. Best for medical imaging, texturing, and outputs that are easy to compress.
Insights:

• Transform the image into another domain (frequency/multiscale), perform noise suppression, then
inverse-transform.

• Strengths:
○ Multi-resolution: Efficient in preserving edges and fine textures.
○ Can separate noise from signal more accurately than spatial filters.

• Limitations:
○ Requires careful selection of thresholding strategies.
○ Some transforms (e.g., Wavelets) may introduce artifacts if improperly tuned.

• Performance:
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○ Generally good balance between denoising and detail preservation.
○ Wavelet-based methods (like BayesShrink, GHP) often outperform spatial domain methods

on SSIM.
○ Curvelet/Contourlet are excellent at capturing directional features (e.g., edges, ridges).

Use When:
High-frequency preservation is crucial—e.g., medical imaging, texture analysis, edge-sensitive tasks.

3. Patch-Based Methods
Examples: NLM, NASNLM, BM3D, CBM3D, WNNM, NCSR, STROLLR, GSR, etc.

These are reliable performers, especially when it comes to SSIM and visual quality, which is due to their
patch-matching system. They are quite close to hybrid approaches, although they are better at keeping fine
textures and adapting to non-linear noise. Ideal for removing noise from natural scenes and photographs
with lots of patterns.
Insights:

• Exploit self-similarity in images by comparing and aggregating patches from different regions.
• Strengths:
○ State-of-the-art denoising for many years (BM3D is a benchmark).
○ Excellent detail preservation and structure-aware denoising.
○ Adaptable to various noise models and noise levels.

• Limitations:
○ Computationally expensive, especially for large images.
○ Patch matching can fail in highly textured or uniform regions.

• Performance:
○ Usually among top performers in PSNR and SSIM.
○ WNNM, BM3D, NASNLM are especially strong on Gaussian noise.

Use When:
High-quality restoration is critical and computational resources are available (e.g., remote sensing,

medical scans).
4. Gradient-Based Methods
Examples: GD, GD+BR

These approaches, such as GD and GD+BR, work very well for restoring structures, keeping edges and
gradients even if there are some pixel-level errors (greater MSE). Great for technical and diagnostic imaging
where, keeping the edges clean is more important than matching pixels.
Insights:

• Use gradient minimization or variational frameworks to enforce smoothness while preserving edges.
• Strengths:
○ Edge-preserving and good at reducing blocking artifacts.
○ Can be tuned for structure-aware denoising.

• Limitations:
○ Performance is highly dependent on regularization parameters.
○ May over smooth textures or introduce halo artifacts.



448 Comput Mater Contin. 2025;85(1)

• Performance:
○ In the dataset, GD dominates all in PSNR.
○ Adding bilateral regularization (GD+BR) may trade off detail for smoothness.

Use When:
You want analytical control over the denoising process and need to preserve strong geometric structures.

5. Hybrid & Deep Learning Methods
Examples: DnCNN, AST+NLS, AST+TV, DBA, TV+Wav, BRFOE

These approaches do well on all measures in this dataset, but not the best. They produce outputs that
look well and have a moderate amount of structural similarity, but they are not optimized just for PSNR or
MSE. Best suited for natural images, facial reconstructions, and learning-based applications.
Insights:

• Combine spatial/transform methods with deep learning or advanced regularization (TV = Total
Variation).

• Strengths:
○ Deep networks like DnCNN learn adaptive, non-linear mappings from noisy to clean images.
○ AST (Adaptive Smoothing Transform) methods adapt to local structures dynamically.
○ TV methods are good for piecewise smooth areas (e.g., cartoons, medical).

• Limitations:
○ Deep models require training data and, may not generalize to all noise types.
○ TV-based methods may introduce staircasing or over-smooth regions.

• Performance:
○ DnCNN and BRFOE perform consistently well on structural similarity (SSIM).
○ Hybrid methods often balance spatial and spectral advantages.

Use When:
You need flexible, high-performance denoising—especially if training data is available or adaptivity

is key.
6. Thresholding & Statistical Filters
Examples: Wiener2D, Adaptive Median, BayesShrink,
Insights:

• Rely on statistical modeling of noise or pixel relationships.
• Strengths:
○ Target specific noise distributions (e.g., Rician for MRI, Gamma for speckle).
○ Wiener filtering adapts based on local variance.

• Limitations:
○ Not always flexible—performance drops if noise model is mismatched.
○ Often outperformed by patch-based or transform methods in general scenarios.

• Performance:
○ Useful as pre-processing or in conjunction with other methods.
○ Good PSNR in uniform areas, but may lag in structure-sensitive metrics.
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Use When:
Noise characteristics are known and match the statistical model used.

Final Takeaways:

• Patch-based and Hybrid/Deep methods are most powerful for general-purpose denoising. They not
only shine more in visual quality but also in numerical fidelity.

• Gradient-based methods are excellent when edge preservation is crucial (e.g., structural imaging). They
dominate the dataset, possibly because of their mathematical robustness and edge-focused optimization.

• Transform domain methods offer a solid mid-ground—good perceptual quality with relatively low
computational cost.

Spatial and statistical filters are best for simple use-cases or as part of a hybrid pipeline.
7. General Statistical Observations from the Results

Some general or common observations which can be deducted from the descriptive statistic methods
are:

a. The boxplots reveal that the effect of denoising techniques is resembling in case of images affected by
gaussian noise (Imrg1) and Rician noise. The width of the boxes showing variability and the extent of
the whiskers showing the range of the values is nearly same in case of all assessment parameters except
PSNR. In case of PSNR, there is a visible difference in the boxplots of the two. This can be possibly
attributed to the associated sensitivities of PSNR as a metric or the unique statistical properties of
Rician noise.

b. Images affected by Gaussian noise of 0.05 variance is very hard to remove and all the denoising
techniques produce unsatisfactory results both on subjective and objective scales.

c. According to visual results and the statistical analysis of all the metrics it is evident that all the denoising
techniques perform well in the case of Poisson noise removal.

d. The restoration process works very well particularly in case of Sparse based and Patch prior based
methods.

Based on the contrast values derived from the application of various techniques on four distinct datasets,
has been shown in Fig. 15, it is evident that Imrg1 exhibits a minimum value of 0.87 (achieved through the
utilization of domain transform filtering) and a maximum value of 67.2. Similarly, Imrg5 demonstrates a
minimum value of 1.07 and a maximum value of 234.97, Imrpoi showcases a minimum value of 0.64 and
a maximum value of 18.02, while Imrrician displays a minimum value of 1.48 and a maximum value of
75.13. The empirical evidence presented herein demonstrates that the magnitude of contrast values exhibits a
substantial degree of variability across all examined test images, with the exception of the Imrpoi test images.
The comparative analysis of image contrast, particularly in the presence of diverse noise types like Gaussian,
Rician, or Poisson noise, frequently indicates a diminished contrast in images affected by Poisson noise.

There exist a multitude of elucidations for this phenomenon. Initially, it is important to acknowledge
that Poisson noise exhibits a statistical distribution that is contingent upon the intensity of the signal. Conse-
quently, in regions characterized by low intensity, the Poisson noise may exhibit a dominant presence, thereby
diminishing the signal-to-noise ratio (SNR) and subsequently resulting in a reduction of apparent contrast.
The perturbations induced by the inherent uncertainty of photon arrivals and the subsequent detection
process, commonly associated with Poisson noise in photon counting methodologies, additionally impact
the contrast, particularly in regions characterized by a low number of detected photons. Furthermore, when
contrasting additive noise models such as Gaussian or Rician noise, it is noteworthy that the multiplicative
nature of Poisson noise may yield a discernible visual perception of contrast. As a consequence of the shot
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noise characteristics of Poisson noise, which arise from discrete photon emission and detection, the presence
of high-frequency variations leads to the alteration of minute details and texture, thereby causing a reduction
in contrast.

Figure 15: Minimum and maximum contrast values comparison of different datasets

The selection of appropriate noise reduction methodologies and algorithms can significantly impact the
perception of contrast quality. In the context of mitigating Poisson noise, denoising algorithms may exhibit
a propensity to assign greater importance to the reduction of noise rather than preserving subtle features,
thereby leading to a perceptible decline in contrast. It is of utmost importance to maintain cognizance of the
fact that the impact of auditory disturbances on the differentiation between luminance levels may undergo
alterations contingent upon the specific visual stimuli, the inherent characteristics of the visual disturbances,
and the idiosyncratic perceptual faculties of individual observers. The boxplot analysis demonstrates that the
dispersion in the contrast values of the Imrg5 dataset is significantly elevated as a result of a substantial Inter
Quartile Range (IQR), which is further corroborated by the visual outcomes of the denoising process.

In case of correlation, where all the values typically range from 0 to 1, the boxes are aligned to the right
showing that most of the correlation results are very close to 1. Tables 15–18 summarize descriptive statistics
for the denoising techniques applied on four different input image dataset.

Table 15: Descriptive statistics for the denoising techniques applied on Imrg1 image

Contrast Correlation Dissimilarity Energy Entropy MSE PSNR SSIM
Mean 11.65 0.94 1.73 0.06 4.69 287.92 21.92 0.44

Standard error 1.49 0.01 0.12 0.01 0.07 70.12 0.60 0.01
Median 6.45 0.96 1.33 0.05 4.55 177.36 23.33 0.43

Standard
deviation

13.37 0.06 1.11 0.05 0.62 627.19 5.41 0.13

Sample
variance

178.76 0.00 1.24 0.00 0.39 393372 29.22 0.02

Kurtosis 6.97 3.90 4.10 1.82 0.29 75.11 0.03 8.55
Skewness 2.61 −2.09 2.01 1.41 0.81 8.55 −0.60 2.73

(Continued)
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Table 15 (continued)

Contrast Correlation Dissimilarity Energy Entropy MSE PSNR SSIM
Range 66.33 0.27 5.42 0.20 2.80 5629.57 25.29 0.68

Maximum 67.20 0.99 5.81 0.21 6.38 5744.14 37.59 0.94
Minimum 0.87 0.72 0.39 0.00 3.58 114.57 12.31 0.26
Geometric

mean
7.59 0.93 1.48 0.04 4.65 208.87 21.14 0.42

Harmonic
mean

5.21 0.93 1.31 0.03 4.62 189.77 20.24 0.41

AAD 8.81 0.04 0.79 0.04 0.49 181.47 4.17 0.07
MAD 2.44 0.01 0.34 0.03 0.41 36.44 2.19 0.03
IQR 8.29 0.04 0.89 0.05 0.79 87.23 4.21 0.08

Table 16: Descriptive statistics for the denoising techniques applied on Imrg5 image

Contrast Correlation Dissimilarity Energy Entropy MSE PSNR SSIM
Mean 36.04 0.84 2.98 0.04 5.21 810.26 20.41 0.28

Standard error 6.34 0.02 0.31 0.00 0.10 86.99 0.78 0.01
Median 9.88 0.93 1.71 0.02 5.07 559.34 20.77 0.28

Standard deviation 56.67 0.19 2.73 0.04 0.91 778.03 6.98 0.12
Sample variance 3211.15 0.04 7.46 0.00 0.83 605333.92 48.66 0.02

Kurtosis 3.38 0.94 1.39 3.26 −0.71 31.87 −0.62 10.24
Skewness 2.07 −1.53 1.54 1.89 0.23 4.93 0.07 2.78

Range 233.90 0.68 10.82 0.19 3.81 6018.33 28.04 0.70
Maximum 234.98 0.99 11.28 0.19 7.20 6318.40 38.01 0.82
Minimum 1.07 0.31 0.46 0.00 3.39 300.07 9.97 0.12

Geometric mean 13.40 0.81 2.13 0.02 5.13 664.59 19.12 0.26
Harmonic mean 6.89 0.77 1.63 0.01 5.05 593.04 17.75 0.25

AAD 41.10 0.15 2.12 0.03 0.75 434.95 5.44 0.07
MAD 6.14 0.04 0.69 0.01 0.66 95.45 5.58 0.03
IQR 26.60 0.14 2.54 0.04 1.28 303.04 10.65 0.07

Table 17: Descriptive statistics for the denoising techniques applied on Imrpoi image

Contrast Correlation Dissimilarity Energy Entropy MSE PSNR SSIM
Mean 6.66 0.97 1.13 0.20 3.82 89.88 24.44 0.88

Standard error 0.37 0.00 0.04 0.00 0.02 12.16 0.70 0.01
Median 6.36 0.97 1.09 0.21 3.82 42.73 24.42 0.92

Standard deviation 3.34 0.01 0.37 0.03 0.20 108.73 6.26 0.10
Sample variance 11.13 0.00 0.13 0.00 0.04 11821.58 39.21 0.01

Kurtosis 0.46 −0.74 0.15 6.64 0.87 10.36 −1.20 8.79
Skewness 0.56 −0.22 0.41 −1.79 0.61 2.90 −0.06 −2.69

(Continued)
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Table 17 (continued)

Contrast Correlation Dissimilarity Energy Entropy MSE PSNR SSIM
Range 17.38 0.05 1.89 0.20 1.07 643.52 21.14 0.57

Maximum 18.03 1.00 2.15 0.28 4.45 664.29 33.84 0.99
Minimum 0.65 0.94 0.26 0.08 3.38 20.76 12.70 0.42

Geometric mean 5.68 0.97 1.07 0.20 3.82 58.70 23.60 0.87
Harmonic mean 4.43 0.97 1.00 0.20 3.81 45.26 22.73 0.86

AAD 2.57 0.01 0.27 0.02 0.15 72.38 5.38 0.07
MAD 2.41 0.01 0.23 0.01 0.13 15.80 5.53 0.02
IQR 4.67 0.02 0.47 0.02 0.27 63.96 11.16 0.07

Table 18: Descriptive statistics for the denoising techniques applied on Imrrician image

Contrast Correlation Dissimilarity Energy Entropy MSE PSNR SSIM
Mean 15.38 0.94 2.02 0.05 5.06 1303.16 19.54 0.39

Standard error 1.76 0.01 0.14 0.01 0.08 55.14 0.96 0.01
Median 10.57 0.96 1.60 0.04 4.89 1191.96 17.36 0.37

Standard deviation 15.78 0.05 1.26 0.05 0.73 493.16 8.58 0.11
Sample variance 249.04 0.00 1.59 0.00 0.54 243205.95 73.67 0.01

Kurtosis 7.20 4.80 5.55 4.05 0.62 30.82 −1.22 7.03
Skewness 2.66 −2.23 2.31 1.80 0.94 5.13 0.31 2.56

Range 73.65 0.22 5.98 0.25 3.01 4040.91 28.22 0.55
Maximum 75.13 0.99 6.60 0.26 7.03 4697.56 36.72 0.79
Minimum 1.48 0.77 0.62 0.00 4.02 656.66 8.50 0.25

Geometric mean 11.03 0.94 1.77 0.03 5.01 1255.40 17.61 0.38
Harmonic mean 8.25 0.94 1.60 0.01 4.96 1226.67 15.73 0.37

AAD 10.15 0.03 0.84 0.04 0.57 220.23 7.23 0.06
MAD 3.35 0.01 0.32 0.02 0.44 33.60 8.77 0.03
IQR 8.44 0.03 0.79 0.06 0.95 78.95 15.64 0.07

• For Imrg1 image:

1. The contrast value has standard error of 1.49 and MSE has standard error of 70.12. The large values of
standard error indicate higher variability in the data. All other values of standard error are less than 1
indicating comparatively lesser variability. The parameters with lesser standard error, i.e., correlation,
energy, entropy and SSIM exhibit higher precision and lesser noise.

2. The measures of variability and spread of the data viz. Range, Inter Quartile Range (IQR), Variance,
Standard Deviation, Sample Variance (SV), Average Absolute Deviation (AAD) and Mean Absolute
Deviation (MAD) also confirm that the variability is maximum in Contrast, PSNR and MSE making
them comparatively lesser precise.

3. Although it is well established that Mean > Geometric Mean (GM) > Harmonic Mean (HM) the
value of mean is not significantly larger.
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4. The Kurtosis values for Contrast, MSE and SSIM are very high indicating more peaked or heavy-
tailed data. More peaked data means the concentration of data points is more around the central
value or peak and heavy-tailed means that the data have more extreme value or outliers.

5. The skewness value is negative for correlation and PSNR which means these two parameters’ values
are skewed to the left. The skewness value for PSNR is very near to zero which indicates a near
normally distributed data.

• For Imrg5 image:

1. The contrast value has standard error of 6.34 and MSE has standard error of 86.99. The large values of
standard error indicate higher variability in the data. All other values of standard error are less than
1 indicating comparatively lesser variability. The energy, entropy and SSIM have nearly 0 standard
error. The other parameters with lesser standard error, i.e., correlation, dissimilarity and SSIM exhibit
higher precision and lesser noise.

2. The measures of variability and spread of the data also confirm that the variability is maximum in
Contrast, PSNR and MSE making them comparatively lesser precise. Additionally, dissimilarity and
PSNR also have significant variability.

3. Although it is well established that Mean > Geometric Mean (GM) > Harmonic Mean (HM) the
value of mean is not significantly larger except contrast and MSE.

4. The Kurtosis values for contrast, energy, MSE and SSIM are very high indicating more peaked or
heavy-tailed data. This value is significant in the case of dissimilarity also and observed negative for
entropy and PSNR. More peaked data means the concentration of data points is more around the
central value or peak and heavy-tailed means that the data have more extreme value or outliers. On
the other hand, the data having negative kurtosis value (entropy and PSNR) is platykurtic i.e., flat
peaked with comparatively lesser outliers.

5. In this case the skewness is negative for correlation and very less (but positive) for entropy and PSNR.
Negative skewness means that the data is aligned towards the right.

• For Imrpoi image:

1. The contrast value has standard error of 0.37, MSE has 12.16 and PSNR has 0.7. The large values of
standard error indicate higher variability in the data. All other values of standard error are very less
(below 0.05) indicating comparatively lesser variability. The energy and correlation have nearly 0
standard error. All the parameters with lesser exhibit higher precision and lesser noise.

2. The measures of variability and spread of the data also confirm that the variability is maximum in
Contrast, PSNR and MSE making them comparatively lesser precise.

3. The value of mean is not significantly larger than geometric mean and harmonic mean except MSE.
4. The Kurtosis values for energy, MSE and SSIM are very high indicating heavy-tailed data. It is

negative for correlation and PSNR indicating lesser tails or outliers. Contrast, dissimilarity and
entropy have less but positive value of kurtosis showing moderate tails.

5. The value of skewness is negative for correlation, energy, PSNR and SSIM. Also, it is very less
(but positive) for contrast, entropy and dissimilarity plus MSE has a large skewness value. Negative
skewness means that the data is aligned towards the right and vice-versa.

• For Imrrician image:

1. The contrast value has standard error of 1.76, MSE has 55.14 and PSNR has 0.96. The large values of
standard error indicate higher variability in the data. All other values of standard error are very less
indicating comparatively lesser variability. The energy, SSIM and correlation have nearly 0 standard error.
All the parameters with lesser standard error exhibit higher precision and lesser noise.
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2. The measures of variability and spread of the data are consistent with earlier results and confirm that the
variability is maximum in Contrast, PSNR and MSE making them comparatively lesser precise.

3. The value of mean is not significantly larger than geometric mean and harmonic mean except Contrast,
MSE and PSNR.

4. The Kurtosis values for all the parameters are high except entropy indicating heavy-tailed data. It is
negative for PSNR indicating lesser tails or outliers.

5. The value of skewness is negative for only correlation. Also, it is less but positive for entropy and PSNR.
Additionally, MSE has a large skewness value.

Fig. 16 shows the error analysis of different datasets by using the standard error and MSE. It emonstrates
a comparison of Mean Squared Error (MSE) vs. Standard Error on four different MRI datasets with diverse
types and intensities of corrupting noise. The datasets are contaminated with Gaussian noises of variances
0.01 (Imrg1) and 0.05 (Imrg5), Poisson (Imrpoi), and Rician (Imrrician) noise. As predicted, the MSE
is greatest for Imrg5 (86.99), which signifies the larger distortion produced by increased Gaussian noise
variance. This is followed by Imrg1 (70.12), with lower MSE values from Imrrician and Imrpoi at 55.14 and
12.16, respectively. Standard error bars describe the range in MSE over the tested denoising algorithms.
Imrpoi has the smallest standard error (0.37) and is seen to have had consistent denoising performance
regardless of method. Imrg5 has a higher standard error (6.34), implying that there was great variance in
performance among algorithms when noise was heavy Gaussian. These results highlight that the type of noise
and intensity greatly impact both denoising stability and accuracy, and stress the value of testing algorithms
across several different conditions of noise to evaluate robustness.

Figure 16: Standard error and MSE of different datasets

To support the points made above, the box plot for different parameters is shown in Fig. 17, (a) contrast,
(b) correlation, (c) dissimilarity, (d) energy, (e) entropy, (f) MSE, (g) PSNR, (h) SSIM.
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 17: Boxplots for different metrics

Fig. 18 shows the correlation heatmaps that are used to depict the relation or to reveal the inter-
dependency between the parameters for the four images (infected with noise) used in the denoising process.
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(a) (b)

(c) (d)

Figure 18: The correlation heatmaps for the parameters used for four different datasets

Table 19 illustrates the run time comparison of the current denoising methods. Total Variation (TV)
and wavelet-based methods are some of the fastest due to their simpler implementation and lower com-
puting complexity. Nevertheless, due to their complex model structures or redundant calculations, more
sophisticated methods such as STROLLR and PCNN have greater processing times. Despite being designed
over ten years ago, BM3D remains competitively fast and continues to be seen as a benchmark for speed
and performance. On GPU platforms, the deep learning model DnCNN demonstrates high-speed inference;
however, training these types of models continues to consume a lot of resources. This research enables
practitioners and scholars to make more informed decisions by considering these runtime considerations.
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Table 19: Runtime Performance Comparison of some of the denoising techniques

Sr. No. Reference No. Denoising technique Run time (s)
1 [302] DnCNN ~1.52
2 [248] BM3D ~0.82
3 [249] NLM+PCA ~1.97
4 [276] STROLLR ~2.3
5 [247] Total Variation (TV-L1) ~0.70
6 [304] Wavelet Thresholding (DWT) ~0.45

While the principal interest of this research is the denoising ability of various strategies, it is equally
important to consider the training time and computing demands of each method, especially when clinical
integration is concerned, as time and resources are often limited. Although they exhibit poor denoising
ability, spatial-domain filters are well-suited for real-time applications or emergencies because they require
less processing power. Processing times for transform-based methods depend on the level of decomposition
and the size of the transform kernel, leading to a significant increase in complexity, particularly during the
decomposition and reconstruction processes. Even though dictionary learning and sparse-based methods
yield great performance, they often require a huge amount of memory and long training times, especially
when dealing with high-resolution 3D medical volumes. Depending on the optimization method and
dictionary size, the training step can take hours. Deep learning-based techniques’ inference speed is typically
fast after training, but preliminary training requires high-end GPUs and large annotated datasets, which may
not always be feasible in low-resource clinical environments or in situations with time limitations. To better
inform doctors and engineers regarding the suitability of techniques based on application constraints, future
studies should standardly report training times, computation expenses, and hardware requirements.

The area of medical image denoising has undergone a sharp paradigm shift in recent times, owing
to the revolutions in deep learning, where traditional rule-based approaches have been displaced by data-
driven, end-to-end trainable models. One such innovation is the Denoising Convolutional Neural Network
(DnCNN), which makes predictions and removes noise from medical images based on a deep residual
learning architecture. When used in conjunction with batch normalization, its cascaded convolutional
structure can learn complex noise patterns effectively without losing important structural features. This has
performed effectively in medical environments to suppress modality-specific noise, for example, Poisson
noise in low-dose CT or Rician noise in MRI. Also, newer techniques such as Content-Noise Complementary
Learning (CNCL) enhance denoising performance while maintaining anatomical correctness through the
utilization of dual neural predictors to separately learn noise and content in a complementary fashion. To
produce perceptually realistic outputs, these models are often incorporated into generative adversarial net-
work (GAN) pipelines. To search for optimal network architectures for specific denoising tasks, optimization
methods such as genetic algorithms (GAs) have also been explored. These deep learning-founded models
represent a significant advance beyond conventional filtering and transform-domain solutions with respect
to generalization, flexibility, and modeling of noise.
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Key Findings:
1. Best Feature Preservation

Deep learning-based methods, specifically DnCNN and CNCL, consistently preserve detailed anatom-
ical and structural details with accuracy and effectively eliminate noise. Sparse representation methods also
retain key features, making them ideal for clinical applications that require high fidelity.
2. Performance across Noise Types

Transform-based methods (e.g., wavelet, Shearlet) performed well on Gaussian and Poisson noise
but performed poorly with Rician noise, typical in MRI. Some methods exhibited noise-type dependence,
performing worse than their training and noise assumptions.
3. Image Orientation’s Effect

PSNR was significantly affected by a minor change in picture orientation or angle, highlighting the
importance of evaluating resilience under collection conditions and data variability.
4. For measuring robustness, hybrid methods are best overall.

The most balanced results in terms of denoising power, structural retention, and noise variation
flexibility were achieved by hybrid models that incorporate spatial, transform, and learning-based methods.
5. Accuracy and Efficiency Trade-off

Although deeper learning and sparse models require more training time and computing power,
they achieve higher PSNR/SSIM. Although poor at preserving detailed information, spatial filters were
nevertheless useful in low-resource or real-time situations.
6. The need for open, standard, and diverse datasets

The need for open, standard, and diverse datasets to ensure fair benchmarking and generalization is
reinforced by the fluctuation of performance between methods.

8 Ethical, Regulatory, and Accountability Challenges in AI-Based Medical Image Denoising
AI-driven denoising of medical imaging, including MRI and CT scans, can make images clearer

and more accurate for diagnosis, but it also raises important questions about ethics, regulations, and
responsibility. We will go into more detail about these difficulties below, focusing on algorithmic bias,
following medical device rules (FDA, CE, etc.), and the topic of who is responsible for automated diagnosis.
We also talk about how contemporary trends in responsible AI and healthcare ethics are affecting these talks.

8.1 Ethical Concerns: Algorithmic Bias and Fairness in Denoising
• Algorithmic Bias in Medical Imaging: Deep learning models for image denoising can pick up and

keep biases that are already in the data they were trained on. When talking about medical AI, “bias”
means systemic mistakes that cause an algorithm’s predictions to be different from the truth, which
could hurt some or all patients [357]. If a denoising algorithm is mostly trained on images from certain
groups of people or scanner settings, it may not work as well for groups that are not well represented
or for alternative equipment, which could lead to images of variable quality. These kinds of biases can
harm patient outcomes by, for example, making minor indications of disease harder to detect or altering
them in particular groups. In short, AI in medical imaging is at risk of different biases that could make
diagnoses less accurate and make health inequities worse. A denoising model might “clean” what it
believes is noise, but it could also eliminate or change clinically important features, like a faint tumor, by
accident, especially if those features were infrequent or not present in the training data. This possibility
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is morally worrisome since it could cause some patients to be misdiagnosed or have their diagnosis
delayed, which goes against the idea of justice (fair distribution of healthcare benefits).

• Fairness and Inclusivity: To be fair, the denoising method should make the images better for all patients
in the same way. Bias might come from datasets that do not represent the whole population. For example,
if an algorithm is trained largely on scans of younger adults, it might not work as well on older adults,
or a model based on one hospital’s scanners might not work on other hospitals’ scanners. To fix this,
the AI community stresses the importance of gathering a wide range of training data and doing in-
depth subgroup studies to look for differences in performance between different groups of people. Bias
auditing tools and fairness-aware algorithms that are meant to find and fix these kinds of problems are
two examples of current responsible-AI trends. Finding and fixing AI bias before it causes problems later
is really important. Researchers, for instance, say that denoising models should be tested on datasets
from several centers and demographics, and that the models should be changed if any group displays
worse performance. A worldwide evaluation also says that developers and radiologists need to be more
conscious of bias and learn more about it. The paper says that increasing community understanding of
bias (its sources, how to reduce it, and ethics) can lead to better regulatory frameworks and industry
practices [357].

• Broader Ethical Principles: There are other ethical issues at stake besides bias. The World Health
Organization (WHO) has set out six main rules for using AI in healthcare in an ethical way: (1) safeguard
people’s freedom, (2) promote safety and health (and the public good), (3) make sure AI is clear and
understandable, (4) encourage responsibility and accountability, (5) make sure everyone is included
and treated fairly, and (6) encourage AI that is responsive and sustainable. These rules apply directly
to algorithms that remove noise. For example, an AI denoiser should clearly benefit patient care (for
example, by allowing lower radiation doses in CT) without adding new risks. Transparency means that
the algorithm’s operation should be as clear as possible; for example, if a denoiser fails or changes an
image, clinicians need to know how that happened. Patients should be told when AI is used in their
imaging because of autonomy and informed consent. Right now, patients can sometimes choose not
to have AI analysis, but this may not be possible if AI becomes more common. Privacy is another
ethical issue because training and using these models generally needs a lot of patient scans, which raises
problems regarding data privacy and consent. In the U.S, HIPAA and in Europe, GDPR protect patient
data. Any AI method must follow these rules to be legal and ethical.

• Current Ethical Governance Trends: Bringing together AI and medical ethics has led to a lot of rules
and frameworks. Professional groups, such as the RSNA and ACR in radiology, have written codes
of ethics for AI that are based on the ideas of justice, beneficence, and openness. The World Health
Organization’s standards (as indicated above) have become a standard for “responsible AI” in health
around the world [Burac]. Another trend is the call for algorithmic transparency and explainability. This
means making the “black box” AI easier to grasp so that doctors can trust the results and patients can
trust them. Researchers are also looking into ways to measure how uncertain AI outputs are. This way, a
denoising algorithm may tell when it is not sure about an image region instead of confidently changing
it. To sum up, the ethical requirement is clear: AI image enhancement technologies must “promote well-
being, minimize harm, and distribute benefits and harms fairly among all stakeholders.” This means
that the technology should be fair, protect people’s privacy, and be overseen by people so that it helps
everyone and does not make current inequities worse.

8.2 Regulatory Compliance: FDA, CE, and Global Oversight of AI Denoising
• Medical Device Regulations: Because the results of AI-driven image denoising tools used for diagnosis

might affect clinical decisions, they are usually classified as medical devices, specifically as software as a
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medical device (SaMD). Before these instruments can be used on a large number of patients, regulatory
bodies worldwide need proof that they are safe and effective. The FDA is in charge of AI/ML-based
medical software in the US. If AI denoising algorithms are meant to change how a diagnosis is made,
they are subject to FDA device review processes such as 510(k) clearances or De Novo authorization.
The FDA has approved AI software that speeds up MRI scans by removing noise while keeping the
quality of the images. This shows that the agency is willing to allow these kinds of tools if they are
properly validated. The FDA usually wants strong clinical evidence that an AI-enhanced image is at least
as good as a standard image for diagnosis. This means that studies need to show that radiologists can find
problems just as well (or better) on denoised images as they can on regular images. Regulatory science is
changing here: the FDA has said that the “traditional paradigm of device regulation was not designed for
adaptive AI/ML technologies,” and many AI improvements could lead to new reviews under the current
standards. The FDA then came out with an AI/ML Action Plan and guiding principles to change how
they watch over learning algorithms. This involves promoting “Good Machine Learning Practice” and
using tools like Predetermined Change Control Plans to make sure that AI models can update within set
limits. Following FDA rules makes sure that an AI denoising tool has been thoroughly vetted for safety
(it will not delete tumors or make artifacts) and effectiveness (it really does make images clearer or speed
up diagnoses) [358].

The Medical Devices Regulation (MDR) says that AI-based medical image enhancers must get a CE
mark in the European Union. The MDR (2017/745) says that most diagnostic software is at least Class IIa
or higher-risk, which means that an independent notified body needs to look at it. Rule 11 of the MDR
states that standalone software for diagnosis is typically considered to be at least Class IIa (moderate
risk). To obtain CE certification, companies that develop denoising AI must adhere to strict guidelines
for quality management, risk assessment, and clinical performance evidence. They must demonstrate
that utilizing AI does not introduce any unacceptable risks, and in many cases, they must conduct clinical
evaluations (reader studies or trials) to show that the diagnosis results are either better or the same. The
EU AI Act, which will completely go into effect in 2026, will also create new rules for AI systems that
are considered high-risk (most medical AI falls into this category). The AI Act says that high-risk AI,
such as an automatic image analyzer, must employ “training, validation, and testing datasets that are
relevant, representative, free of errors, and complete,” and put in place “bias monitoring and mitigation
measures.” It also requires developers to be open with users and keep an eye on the product after it has
been sold (for example, by keeping an eye on performance and reporting problems even after approval).
This means that an AI denoising tool in the EU will need to undergo MDR’s device clearance process
and comply with the AI Act’s rules on data and oversight to ensure it is safe, fair, and accountable.

• Global and Ongoing Regulatory Trends: Regulators all over the world are trying to figure out the best
way to keep an eye on AI in healthcare. Many of them follow the same rules: a risk-based approach (more
tight oversight for instruments that are more likely to cause problems), requiring proof of clinical validity,
and making sure there are ways to control quality and keep an eye on things after they are deployed.
The rules and regulations are always changing. For example, the FDA, the UK’s MHRA, Canada’s Health
Canada, and others are working together to come up with common rules for AI-enabled devices. They
do this through the International Medical Device Regulators Forum working groups. One interesting
development is the provision of advice on systems for continuous learning. In the past, device approvals
were set in stone; however, AI models can be learned from or modified. Regulators, such as the FDA, are
exploring ways to facilitate safe upgrades without requiring approval each time. One way to do this is
via a “predetermined change control plan,” which sets out and agrees on future model changes. Another
tendency is that regulations are starting to include ethical AI standards. As was said before, the EU
AI Act clearly includes requirements to deal with prejudice and openness. Regulators are increasingly
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starting to ask for documentation and openness in algorithms. For instance, producers might have to
tell consumers (and regulators) how their model was trained, what its recognized limitations are, and
how it was verified so that they know how to use it correctly. There is also a push for monitoring AI
performance and negative occurrences in the actual world after deployment. The FDA’s action plan and
others recommend gathering this kind of data. In general, compliance is not only a one-time checkbox; it
is becoming an ongoing process (the “lifecycle” approach) where the AI must always be safe and useful in
practice. In short, any deep learning denoising system that is meant to be used for automated diagnosis
must go through a lot of complicated rules and get the required permissions (FDA clearance, CE mark,
etc.) while also following new rules that make sure the system is reliable, reduces bias, and is open about
how it works1,2,3.

8.3 Accountability in Automated Diagnosis and Image Enhancement
• Liability and Responsibility: “Who is responsible if something goes wrong?” with AI-assisted diagnos-

tics is a big concern. Radiologists and doctors are in charge of looking at images and making diagnosis
in today’s medical practice. If an AI-powered denoising or diagnostic recommendation leads to an error,
such missing a malignancy or mistaking a normal structure for pathology, the guilt could fall on the
doctor using the tool, the hospital that deployed it, or the software developer. Right now, there is not a
clear legal agreement on who is responsible for AI in healthcare. There is not a “bright line” that separates
the duties of healthcare providers, AI developers, and regulators.

Doctors can say that the AI made a bad recommendation and blame the manufacturer, while firms
might say that the doctor is the one who makes the final decision. This lack of clarity makes it possible
for there to be gaps in accountability, where a patient who is hurt by an AI mistake has trouble getting
help since everyone is trying to avoid taking blame.

To fix this, experts and policymakers are asking for clear frameworks and comprehensive rules that
make it obvious who is responsible. One approach is to treat AI diagnostic tools like human advisors.
This means that a doctor must still follow the standard of care when using a tool. In real life, most
regulators and professional guidelines still say that the human doctor is responsible for the diagnosis and
that AI is just there to help. That is why most AI solutions are sold as “decision support” tools instead
of technologies that make decisions on their own. But if AI gets better, this line may become less clear,
and the law may need to change (for example, by creating rules for shared accountability or product
liability for AI). The continuing international conversation around AI governance shows how important
it is to find a balance between innovation and public safety. various countries have various levels of risk
tolerance, but everyone agrees that without explicit responsibility, both patients and providers may lose
faith in AI. New rules and standards are needed right now to make it clear who is responsible, protect
patients, and make it clear how far the “AI supply chain” accountability goes from the data scientists who
generated the model to the hospital that uses it3.

• Accountability Mechanisms and Oversight: In a larger sense, “accountability” involves putting rules
and processes in place to make sure that AI systems are utilized properly and can be checked. One part
is openness: if an AI denoising algorithm changes an image, it should keep a record of what it did and
maybe even give a reason or a measure of uncertainty. It is difficult to hold people accountable when
they cannot understand how black-box models work. As mentioned, AI systems that do not explain
how they work make it harder to hold people accountable for judgments made by AI. As a way to hold
AI developers accountable, the FDA and EU are pushing for transparency reports for AI technologies.

1https://www.fda.gov/downloads/medicaldevices/deviceregulationandguidance/guidancedocuments/ucm514737.pdf (accessed on 25 July 2025).
2http://www.fda.gov/cdrh/ode/guidance/1584.pdf (accessed on 25 July 2025).
3https://www.news-medical.net/health/Who-Takes-the-Blame-When-AI-Makes-a-Medical-Mistake.aspx (accessed on 25 July 2025).

https://www.fda.gov/downloads/medicaldevices/deviceregulationandguidance/guidancedocuments/ucm514737.pdf
http://www.fda.gov/cdrh/ode/guidance/1584.pdf
https://www.news-medical.net/health/Who-Takes-the-Blame-When-AI-Makes-a-Medical-Mistake.aspx
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Another thing is that people are in charge. Many ethicists support a “human-in-the-loop” paradigm,
which says that AI can help but a qualified expert must check and can change the AI’s output, making
sure that the AI is still responsible. In fact, the World Health Organization’s principle of accountability
and many state guidelines say that humans, not only algorithms, should be responsible in the end. In
reality, this means that radiology departments that use a denoising AI should have rules in place. For
example, radiologists should know what the tool can and cannot do, there should be a mechanism to
double-check AI results that do not make sense, and there should be a way to report AI problems.

• Legal and Ethical Developments: Some places are starting to deal with AI liability in the legal system.
For instance, the EU AI Act will make it such that high-risk AI systems, like medical AI, have explicit
ways to be held accountable. This will mean that makers have to keep an eye on how well the systems
work and that users (hospitals) have to utilize them as they were meant to be used. Some people have said
that the AI Act has “liability gaps” since it does not adequately explain who pays for damage produced by
AI. People in the U.S. are still talking about whether the current laws on product liability and malpractice
are good enough. If a denoising program that the FDA has cleared later turns out to create problems,
patients might sue the company that made it for selling a bad product or the doctor for malpractice. The
results may be different in each scenario. Some researchers suggest that AI mistakes should be covered
via shared responsibility models or insurance plans. Professional indemnity insurers and hospital risk
managers are looking into how AI use can change liability. Doctors are told to keep records of their use of
AI and the reasons for it, just like they would for a consultation, to show that they did their due diligence.

• Building Accountability and Trust: To build trust in AI, stakeholders are putting in place mechanisms
of responsibility that go beyond assigning blame. One important step is to keep an eye on and audit AI
solutions once they are sold. Regulators and health organizations are thinking about making it necessary
for AI tools to be tested in the real world all the time. For example, they could track diagnostic mistake
rates before and after AI is used and have committees look into any significant accidents. As mentioned
before, the EU AI Act will require continual monitoring of high-risk AI systems, and the FDA’s AI
recommendations also stress the importance of evaluating how well AI works in the real world. Another
way to promote accountability is to educate stakeholders, like doctors, about how the tool works and
what it cannot accomplish. This makes it less likely that they will misuse it and more probable that they
will find mistakes. Training for healthcare professionals on AI bias and how to utilize AI correctly is
a common part of responsible AI projects in healthcare. Finally, traceability is important: AI systems
should preserve precise records of their inputs, outputs, and model versions utilized so that if something
goes wrong, it can be found and looked into. This is like an airplane’s “black box” for AI choices. It lets
you look back and learn from mistakes and hold people accountable if necessary [357].

8.4 Trends in Responsible AI and Conclusion
The common thread running through all of these areas—ethics, regulation, and accountability—is the

call for Responsible AI in healthcare. In the past few years, there has been a lot of work to make sure that AI
tools like image denoisers are useful and safe. International organizations like the WHO and IEEE, as well
as national agencies like the FDA’s AI program and the European Commission’s AI Act, are all working on
guidelines that stress openness, fairness, and patient safety. For instance, the Who is principles sum up the
idea of responsible AI, and the European Union’s AI Act is the first legal framework to define requirements
for AI safety, openness, and reducing bias in high-risk areas like healthcare. The FDA is also releasing guiding
principles and draft guidances for AI/ML-based medical devices. This shows that the agency is flexible in its
approach to regulation, which fosters innovation while making sure that developers are responsible for the
quality of their algorithms throughout the life cycle of the product [357].
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To sum up, using deep learning to remove noise from MRI and CT images has clear benefits (faster
scans, less radiation, cleaner images). Still, it must be done in a way that is ethical and follows the rules
to avoid bias, make sure safety standards are met, and make sure everyone knows who is responsible.
Some important considerations are ensuring that AI improvements benefit all patients equally by mitigating
algorithmic bias, obtaining regulatory approval, and conducting thorough testing to demonstrate that
denoising algorithms are both safe and effective. Another important consideration is ensuring patient safety
when computerized systems are involved in their care, which can be achieved by maintaining accountability
through transparency, oversight, and updated legal frameworks. The current trend in both business and
government is toward “trustworthy AI,” which is AI that is accurate, easy to understand, fair, and properly
governed. Developers and healthcare practitioners can utilize powerful denoising algorithms to enhance
imaging and diagnosis without violating ethical guidelines or compromising patient trust, provided they
adhere to new responsible-AI rules and practices. The primary goal is to utilize AI in a manner that enhances
medical practice while adhering to the fundamental principles of medicine: do no harm, treat patients fairly,
and ensure all clinical judgments are clear and accountable.

9 Conclusions
In conclusion, the domain of denoising methodologies for computed tomography (CT) and magnetic

resonance imaging (MRI) images has undergone significant advancements throughout its history, driven
by the imperative need to enhance image fidelity for precise diagnostic purposes and informed clinical
judgments. Our comprehensive analysis of 80 denoising techniques elucidates the evolutionary trajectory
from initial spatial-domain methodologies to sophisticated transform-based and data-driven approaches.

The preliminary phases of denoising predominantly relied on spatial-domain methodologies, wherein
rudimentary filters were implemented to localize image regions. The methodologies above exhibited signifi-
cant value due to their inherent simplicity and immediate applicability in real-time scenarios. However, their
effectiveness was found to be constrained when confronted with intricate noise patterns and the imperative
task of preserving intricate details. It is also evident that spatial filters are best suited for low-noise conditions.
The guided image filter and Bitonic filter produced impressive results, but they were not entirely satisfactory.

With the advancement of the field, the emergence of transform-based methodologies heralded the onset
of a new era. The utilization of Fourier domain and X-lets (Wavelets, Curvelets, Contourlets, Ridgelets,
and shearlets) based denoising methodologies has effectively harnessed the computational capabilities of
frequency decomposition, thereby facilitating the separation of noise components from the underlying
signal. In the present context, these transforms have been extensively explored, and our review of these
techniques concluded that the denoising performance improved with the evolution of these transforms, as
they achieved more directionality and shift invariance. Although these methodologies exhibited enhanced
noise reduction capabilities and the ability to maintain image structure, they frequently encountered
challenges when dealing with complex noise patterns and non-stationary noise characteristics that are
inherent in medical images. In addition, adopting a more effective shrinkage algorithm has always been
a challenge.

The subsequent transition towards techniques based on sparsity denoted a paradigm shift of significant
magnitude. Techniques such as sparse representation and dictionary learning have leveraged the innate
sparsity present in medical images, thereby facilitating enhanced noise modeling and extraction capabilities.
The methodologies as mentioned above demonstrated exceptional proficiency in capturing both global and
local characteristics of images, rendering them highly suitable for preserving intricate anatomical structures
and augmenting clinical interpretations.
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The discernible effects resulting from the implementation of these disparate denoising paradigms
are readily apparent. Spatial-domain methodologies, albeit constrained in their efficacy for mitigating
noise, continue to be indispensable for expeditious applications and preliminary noise attenuation. The
use of transform-based methodologies has led to notable improvements in noise reduction. However,
the ability of these methods to effectively adapt to intricate noise patterns has proven to be a persistent
challenge. Sparse-based methodologies, conversely, provide a synergistic amalgamation of noise mitigation
and structure conservation, effectively catering to the distinct requirements of medical imaging, wherein
intricate particulars assume paramount significance in the diagnostic process.

The lack of data diversity in most existing studies is a primary limitation. Precisely, fixed image
orientations and limited noise models are commonly employed to measure denoising performance metrics
such as PSNR. But in the real world, the medical images are taken from various angles and directions. The
observations indicate that a small change in the image acquisition angle can lead to noticeable changes in
PSNR values. This highlights that for a comprehensive evaluation of algorithmic performance, subsequent
research needs to employ more diverse and representative datasets, considering variability in patient
anatomy, scanner configurations, and acquisition angles.

As the domain advances, the symbiotic relationship between these denoising paradigms becomes
progressively conspicuous. The utilization of hybrid methodologies that integrate spatial, transform, and
sparse-based techniques demonstrates the inherent capacity to surmount the inherent constraints and
shortcomings associated with each individual approach. Prospective investigations may be directed toward
the utilization of deep learning methodologies to effectively integrate these paradigms, thereby establishing
a cohesive structure that effectively leverages the synergistic capabilities of diverse techniques to achieve
optimal noise mitigation and image enhancement.

In summary, the progressive advancement of denoising methodologies for computed tomography (CT)
and magnetic resonance imaging (MRI) images signifies a trajectory from elementary approaches to intricate
algorithms, emblematic of the unwavering dedication of the discipline to enhancing image fidelity and
diagnostic precision. Given the ever-increasing intricacy of noise patterns observed in medical images,
conventional denoising methods are facing significant challenges. However, the interaction between spatial,
transform, and sparse-based techniques presents a highly promising direction for future research. This
avenue holds great potential in the ongoing quest for noise-free medical images, which is crucial for the
advancement of healthcare and medical imaging.
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15. Thanh DNH, Engínoğlu S. An iterative mean filter for image denoising. IEEE Access. 2019;7:167847–59. doi:10.
1109/access.2019.2953924.

16. Gong Y, Liu B, Hou X, Qiu G. Sub-window box filter. In: 2018 IEEE Visual Communications and Image Processing
(VCIP). Taichung, Taiwan; 2018. p. 1–4. doi:10.1109/vcip.2018.8698682.

17. Shan X, Sun J, Guo Z, Yao W, Zhou Z. Fractional-order diffusion model for multiplicative noise removal in texture-
rich images and its fast explicit diffusion solving. BIT Numer Math. 2022;62(4):1319–54. doi:10.1007/s10543-022-
00913-3.

18. Archana R, Eliahim Jeevaraj PS. Deep learning models for digital image processing: a review. Artif Intell Rev.
2024;57(1):11. doi:10.1007/s10462-023-10631-z.

19. Taassori M, Vizvári B. Enhancing medical image denoising: a hybrid approach incorporating adaptive
Kalman filter and non-local means with Latin square optimization. Electronics. 2024;13(13):2640. doi:10.3390/
electronics13132640.

20. AlRowaily MH, Arof H, Ibrahim I, Yazid H, Mahyiddin WA. Enhancing retina images by lowpass filtering using
binomial filter. Diagnostics. 2024;14(15):1688. doi:10.3390/diagnostics14151688.

https://doi.org/10.1016/j.inffus.2019.09.003
https://doi.org/10.1016/j.bspc.2020.102036
https://doi.org/10.1049/ipr2.12137
https://doi.org/10.1007/s13735-021-00218-1
https://doi.org/10.46328/ijonest.76
https://doi.org/10.46328/ijonest.76
https://doi.org/10.31449/inf.v43i2.2179
https://doi.org/10.31449/inf.v43i2.2179
https://doi.org/10.1148/radiol.2020200822
https://doi.org/10.1016/j.biopsycho.2024.108967
https://doi.org/10.1016/j.biopsycho.2024.108967
https://doi.org/10.1007/s00247-021-05042-7
https://doi.org/10.1111/1754-9485.13770
https://doi.org/10.1111/1754-9485.13770
https://doi.org/10.24425/mms.2024.148548
https://doi.org/10.1109/ICCEA50009.2020.00188
https://doi.org/10.1109/access.2019.2953924
https://doi.org/10.1109/access.2019.2953924
https://doi.org/10.1109/vcip.2018.8698682
https://doi.org/10.1007/s10543-022-00913-3
https://doi.org/10.1007/s10543-022-00913-3
https://doi.org/10.1007/s10462-023-10631-z
https://doi.org/10.3390/electronics13132640
https://doi.org/10.3390/electronics13132640
https://doi.org/10.3390/diagnostics14151688


466 Comput Mater Contin. 2025;85(1)

21. Shangguan M, Yang Z, Lin Z, Weng Z, Sun J. Full-day profiling of a beam attenuation coefficient using a single-
photon underwater lidar with a large dynamic measurement range. Opt Lett. 2024;49(3):626–9. doi:10.1364/OL.
514622.

22. Dhabal S, Chakrabarti R, Mishra NS, Venkateswaran P. An improved image denoising technique using differential
evolution-based salp swarm algorithm. Soft Comput. 2021;25(3):1941–61. doi:10.1007/s00500-020-05267-y.

23. Wang L, Jia H, Zhang Y, Li K, Wei C. EgpuIP: an embedded GPU accelerated library for image processing. In:
2022 IEEE 24th International Conference on High Performance Computing & Communications; 8th International
Conference on Data Science & Systems; 20th International Conference on Smart City; 8th International Confer-
ence on Dependability in Sensor, Cloud & Big Data Systems & Application (HPCC/DSS/SmartCity/DependSys);
2022 Dec 18–20; Hainan, China: IEEE; 2022. p. 914–21. doi:10.1109/HPCC-DSS-SmartCity-DependSys57074.2022.
00147.

24. Bednar J, Watt T. Alpha-trimmed means and their relationship to Median filters. IEEE Trans Acoust Speech Signal
Process. 1984;32(1):145–53. doi:10.1109/TASSP.1984.1164279.

25. Khan KB, Amir M, Shahid M, Ullah H. Poisson noise reduction in scintigraphic images using Gradient Adaptive
Trimmed Mean filter. In: 2016 International Conference on Intelligent Systems Engineering (ICISE); 2016 Jan 15–17;
Islamabad, Pakistan: IEEE; 2016. p. 301–5. doi:10.1109/INTELSE.2016.7475138.

26. Jana BR, Thotakura H, Baliyan A, Sankararao M, Deshmukh RG, Karanam SR. Pixel density based trimmed
Median filter for removal of noise from surface image. Appl Nanosci. 2023;13(2):1017–28. doi:10.1007/s13204-021-
01950-0.

27. Harris FJ. Multirate signal processing for communication systems. Denmark: River Publishers; 2022.
28. Sabrine C, Abir S. Median filter for denoising MRI. Rev D’intelligence Artif. 2022;36(3):483–8. doi:10.18280/ria.

360317.
29. Yu J, Wei Y. Digital signal processing for high-speed THz communications. Chin J Electronics. 2022;31(3):534–46.

doi:10.1049/cje.2021.00.258.
30. Kumar A, Kumar S, Kar A. Salt and pepper denoising filters for digital images: a technical review. Serb J Electr

Eng. 2024;21(3):429–66. doi:10.2298/sjee2403429k.
31. Li X, Ji J, Li J, He S, Zhou Q. Research on image denoising based on Median filter. In: 2021 IEEE 4th Advanced

Information Management, Communicates, Electronic and Automation Control Conference (IMCEC); 2021 Jun
18–20; Chongqing, China: IEEE; 2021. p. 528–31. doi:10.1109/IMCEC51613.2021.9482247.

32. Ko SJ, Lee YH. Center weighted Median filters and their applications to image enhancement. IEEE Trans Circuits
Syst. 1991;38(9):984–93. doi:10.1109/31.83870.

33. Loupas T, McDicken WN, Allan PL. An adaptive weighted Median filter for speckle suppression in medical
ultrasonic images. IEEE Trans Circuits Syst. 1989;36(1):129–35. doi:10.1109/31.16577.

34. Oten R, de Figueiredo RJP. Adaptive alpha-trimmed mean filters under deviations from assumed noise model.
IEEE Trans Image Process. 2004;13(5):627–39. doi:10.1109/tip.2003.821115.

35. Peterson SR, Lee YH, Kassam SA. Some statistical properties of alpha-trimmed mean and standard type M filters.
IEEE Trans Acoust Speech Signal Process. 1988;36(5):707–13. doi:10.1109/29.1580.

36. Rahman MM, Abdullah-Al-Wadud M, Preza C. A decision-based filter for removing salt-and-pepper noise. In:
2012 International Conference on Informatics, Electronics & Vision (ICIEV); 2012 May 18–19; Dhaka, Bangladesh:
IEEE; 2012. p. 1064–8. doi:10.1109/ICIEV.2012.6317513.

37. Chalghoumi S, Smiti A. Median filter for denoising MRI: literature review. In: 2022 International Conference on
Decision Aid Sciences and Applications (DASA); 2022 Mar 23–25; Chiangrai, Thailand: IEEE; 2022. p. 1603–6.
doi:10.1109/DASA54658.2022.9764981.
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