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Abstract

Denoising of images is a crucial preprocessing step in medical imaging, essential for improv-
ing diagnostic clarity. While deep learning methods offer state-of-the-art performance, their
computational complexity and data requirements can be prohibitive. In this study we present
a comprehensive comparative analysis of two classical, computationally efficient transform-
domain techniques: Discrete Wavelet Transform (DWT) and Discrete Fourier Cosine Trans-
form (DFCT) filtering. We evaluated their efficacy in denoising medical images which cor-
rupted by Gaussian, Uniform, Poisson, and Salt-and-Pepper noise. Contrary to the common
hypothesis favoring wavelets for their multi-resolution capabilities, our results demonstrate that
a block-based DFCT approach consistently and significantly outperforms a global DWT ap-
proach across all noise types and performance metrics (SNR, PSNR, IM). We attribute DFCT’s
superior performance to its localized processing strategy, which better preserves fine details by
operating on small image blocks, effectively adapting to local statistics without introducing
global artifacts. This finding underscores the importance of algorithmic selection based on pro-
cessing methodology, not just transform properties, and positions DFCT as a highly effective
and efficient denoising tool for practical medical imaging applications.

1 Introduction

The removal of additive noise from images, a process known as image denoising, remains one of the
most extensively studied topics in image processing [1, 2]. The presence of noise not only degrades
visual quality but can also obscure subtle anatomical or pathological features, thereby impeding
accurate diagnosis. Over the past decades, numerous of denoising techniques has been developed,
broadly categorized into spatial domain, transform domain, statistical model-based approaches,
and, more recently, deep neural networks.

Spatial domain methods, such as mean, median, bilateral filtering [3, 4], and total variation
[5, 6], directly operate on pixel values intensities to smooth noise while attempting to preserve
edges. In contrast, transform domain methods represent an image in an alternative basis such as
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Fourier [7, 8], or wavelet transforms [9, 10, 11] where noise and signal components can be more
effectively separated. Statistical approaches, including Wiener filtering and Bayesian methods, ex-
ploit prior knowledge of noise statistics and image models to achieve adaptive noise suppression
[12, 13, 14]. Although deep learning-based methods have recently achieved remarkable denoising
performance (See Ref. [1] and the refernce therin), however they often require significant compu-
tational resources, large annotated datasets, and considerable expertise to implement and train.

In this study we focus on two robust and computationally efficient transform-domain methods:
Wavelet transformation and Fourier filtering. While deep learning excels in performance, the com-
plexity and resource demands make simpler, well-established methods highly valuable for many
practical scenarios. Wavelet-based denoising is particularly renowned for its multi-resolution anal-
ysis capability, enabling effective noise suppression while retaining fine structural details [15, 16].
Fourier-based filtering provides a global frequency perspective, making it exceptionally suitable for
removing periodic or high-frequency noise patterns [7, 8].

The need for such reliable denoising is paramount in medical imaging modalities like Computed
Tomography (CT) and Magnetic Resonance Imaging (MRI). CT images are often degraded by
Poisson noise due to low-dose acquisition protocols aimed at minimizing patient radiation expo-
sure. Conversely, MRI images are frequently contaminated by Gaussian or Rician noise originating
from thermal fluctuations and imperfections in RF coils. In additional to that, noise can arise
from various sources, including photon counting statistics, electronic sensor fluctuations, and pa-
tient motion. The presence of noise not only degrades visual quality but can also obscure subtle
anatomical or pathological structures, thereby impacting diagnostic accuracy. Applying advanced
yet efficient denoising algorithms in these domains is crucial for enhancing image quality, improving
tissue contrast, and ultimately supporting more accurate diagnostic decisions [17].

In this work we aim to provide a systematic comparison of Wavelet transform and Fourier
domain filtering for medical image denoising. We describe the theoretical foundations of each
method, implement them on sample CT and MRI data, and evaluate their performance using
standard image quality metrics.

2 Methods describtion

Medical image denoising has been an active research area for decades, driven by the imperative to
improve diagnostic accuracy while reducing patient exposure to radiation or shortening scan times.
Conventional low-pass and smoothing filters can suppress noise but often blur fine details, which
are crucial for detecting small lesions or subtle tissue changes. Consequently, more sophisticated
denoising strategies are required to optimally balance noise reduction with detail preservation.

A digital imeges can be represented as matrix z of dimension N x M, where z(i) : ¢ € I is a pixel
value and I = {1,..., N} x {1,..., M} is the spatial domain. The noisy observation of this image is
given by:

s(i) = 2(2) + n(i) (1)

Where 2(i) is the clean image pixel and 7(4) represents additive noise. The common types of additive
noise include Gaussian, uniform, and Poisson noise. This model assumes that noise is distributed
throughout the image; that is, each pixel in the noisy image is the sum of the true pixel value and
an independent and identically distributed (i.i.d.) random variable.



2.1 Wavelet Transform Denoising

Wavelet-based methods have emerged as one of the most effective approaches for image denoising
due to their ability to provide simultaneous spatial and frequency localization. The foundational
work of Donoho and Johnstone [18] on wavelet thresholding laid the groundwork for soft and hard
thresholding techniques, where noise-dominated coeflicients are suppressed while signal-dominated
coefficients are retained [19, 20, 21].

The wavelet transform is a mathematical tool that represents a signal or image in terms of
small wave-like functions called wavelets, which are localized in both space and frequency. Unlike
the Fourier transform, which provides only global frequency content, the wavelet transform offers
a multi-resolution analysis, capturing both coarse structures and fine details effectively.

The Discrete Wavelet Transform (DWT) is a common implementation for images. The 2D-
DWT decomposes an image by passing it through low-pass and high-pass filters along the rows and
columns, producing four sub-bands:

e LL: Low frequencies in both directions (approximation component)
e LH: Low horizontal, high vertical frequencies (vertical edges)

e HL: High horizontal, low vertical frequencies (horizontal edges)

e HH: High frequencies in both directions (diagonal details and noise)

The LL sub-band can be recursively decomposed to achieve multiple scales of analysis, as illus-
trated in Fig. 1. The efficacy of DWT for denoising stems from the tendency of noise to spread
across the high-frequency sub-bands (LH, HL, HH), while important image structures are con-
centrated in the LL sub-band and strong coefficients within the detail sub-bands. The standard
denoising procedure involves transforming the image, applying a thresholding rule to the detail co-
efficients (shrinking or removing those likely to be noise), and then reconstructing the image from
the modified coefficients. This approach generally preserves edges and textures better than simple
spatial smoothing.

LL3~ HL3
HL2
LH3 | HH3
HL1
LH2 HH2
LH1 HH1

Figure 1: Three-level decomposition of an image into sub-bands using a 2D Discrete Wavelet
Transform.



2.1.1 Types of wavelet filters

Numerous wavelet families have been used in DWT, each with properties suited to different ap-
plications [22, 23, 24]. The most prominent filters, which are employed in this study, are listed
below:

e Haar Wavelet: The simplest and fastest orthogonal wavelet, but can produce blocky artifacts
due to its discontinuous nature.

e Daubechies Wavelet(n): A family of orthogonal wavelets characterized by order n of van-
ishing moments with n > 2, offering a good trade-off between smoothness and localization.
Higher orders (n) provide increased smoothness.

e Coiflet Wavelet(n): Designed to be more symmetric than Daubechies wavelets, with scaling
functions that also have vanishing moments of 1 < n < 5. Often used for their symmetrical
properties.

e Symlet Wavelet(n): A family of nearly symmetric orthogonal wavelets with n > 4, also
known as the least asymmetric wavelets, designed to improve symmetry compared to Daubechies
wavelets.

e CDF 9/7 Wavelet: A biorthogonal wavelet (Cohen-Daubechies-Feauveau) known for its
symmetry and use in the JPEG2000 compression standard. Excellent for image reconstruc-
tion.

e Biorthogonal Spline Wavelet (BIOS(n,m)): A family of biorthogonal wavelets offering
linear phase (symmetry) in which n + m is even. It is beneficial for image processing tasks
like denoising and reconstruction, often used in medical imaging.

e Meyer Wavelet: An orthogonal wavelet defined in the frequency domain, offering excellent
frequency localization but is less common in discrete implementations.

e Shannon Wavelet: Also defined in the frequency domain, ideal in theory but suffers from
slow decay in the time domain, making it less practical for discrete applications.

2.1.2 Thresholding functions

The core of wavelet-based denoising involves transforming the image into the wavelet domain.
In this domain, noise tends to appear as small coefficients scattered everywhere, while important
features (edges, texture) appear as large coefficients. Thresholding is applied to remove noise (small
coefficients) while preserving the signal (large coefficients). Thresholding is performed on the detail
coefficients at each level of the wavelet decomposition. Table 1 summarizes the key thresholding
functions used in this study.

Choosing the appropriate threshold value ¢ is crucial. A threshold that is too high leads to
oversmoothing and loss of image detail, while a threshold that is too low results in insufficient noise
removal. Below, we explore several prominent algorithms for calculating the optimal threshold
parameter 9.



Table 1: Thresholding functions used for wavelet denoising. For all functions, § > 0 is the threshold
parameter. For SmoothGarrote, n is a positive real number.

Threshold Name Function
0 iflz| <
Hard g = -
ar () {x if |[x| > d
if |x| <
Soft Os(x) = fhel=o
sgn(z)(|z| —6) if |z] >4
22T
Smooth Garrote Osa(r) = 2 L oo
0 if |[z] < ¢
Piecewise Garrote Opc(z) = 52
x—— if |z >4¢
0 if |[2] <&
H bol 0 = _
yperbola Hyp(T) {sgn(x) /22 =52 if x| > 6

1. Universal Threshold: This is a statistical rule for choosing the cutoff [18, 25]. It is designed
to minimize the risk of retaining noise while preserving signal details. The universal threshold

is defined as:
0 =0+/2log(N) (2)

where N is the total number of pixels (or coefficients at a given sub-band), and & is the
estimated noise standard deviation. The noise variance & is typically estimated using the
median absolute deviation (MAD) of the finest-scale detail coefficients:

median(|g;|)
0.6745 (3)
where g; corresponds to the coefficients in the HH sub-band of the first decomposition level.

The universal threshold provides a good starting point and is asymptotically optimal for
minimizing the maximum risk [18, 26].

5’:

2. SURE Threshold: Stein’s Unbiased Risk Estimate (SURE) [18, 27, 28] provides a threshold
that minimizes the mean squared error (MSE) between the denoised signal and the true signal.
Unlike the universal threshold, SURE adapts to the actual observed wavelet coefficients, often
resulting in smaller thresholds and better detail preservation. The SURE criterion for a
threshold ¢ is given by:

NM
SURE(t) = NMo® + Y [min([ys|, £)* — 207 - I(|ys| < 1)] (4)
i=1
where 1; are the wavelet coefficients, I is the indicator function, and ¢2 is the noise vari-

ance. The SURE threshold dsyrg is the value of ¢ that minimizes SURE(¢). This method is
particularly useful when the noise variance is known or can be accurately estimated.

3. GCV Threshold: The Generalized Cross-Validation (GCV) threshold is similar to SURE
but does not require prior knowledge of the noise variance. It automatically selects an appro-



priate threshold by minimizing a cross-validation score that balances bias and variance. The
GCYV criterion for a threshold t is defined as:

7 SNy — (1))
2
No(t
(1-7)

where g;(t) are the thresholded coefficients, and Ny(t) is the number of coefficients set to zero
by threshold ¢. The optimal threshold dgcy minimizes GCV(t).

GOV(t) = (5)

4. Level-Dependent Thresholds: Both the Universal and SURE principles can be applied in
a level-dependent manner [29]. A Universal-Level threshold calculates §; separately for each
decomposition level j using Eq. (2) with N being the number of coefficients at that level.
Similarly, a SURE-Level threshold (often called SureShrink) finds the optimal §; for each
level by minimizing the SURE criterion for the coefficients at that level. Level-dependent
thresholds can reduce oversmoothing by applying less aggressive thresholding at coarse scales
(preserving structures) and more aggressive thresholding at fine scales (suppressing noise).

2.2 Fourier Domain Filtering

Fourier transform-based denoising exploits the fact that noise and signal components often oc-
cupy distinct frequency bands. Traditional low-pass Fourier filters are effective in removing high-
frequency noise, while band-stop filters can target periodic noise patterns. However, standard
Fourier methods lack spatial localization, which may lead to the loss of localized features and the
creation of global artifacts like ringing. Hybrid approaches that combine Fourier filtering with
wavelet decomposition have been proposed to overcome this limitation [7]. In this work, we employ
a block-based Discrete Fourier Cosine Transform (DFCT) approach, which mitigates these issues
by operating locally.

Fourier filtering works by transforming the image from the spatial domain (pixels) to the fre-
quency domain (sinusoidal components). In the frequency domain:

e Low frequencies correspond to large, smooth image structures.
e High frequencies correspond to fine details and noise (especially random noise).

By selectively modifying specific frequency components, we can suppress noise while keeping im-
portant structures.

We utilize the 2D Discrete Fourier Cosine Transform (DFCT) to decompose the image into
its frequency spectrum. The DFCT produces real-valued coefficients, simplifying calculation and
interpretation compared to the complex-valued Discrete Fourier Transform (DFT). The DFCT of
an image s(i),1 = (i1,i2) € I is defined as [8, 30]:

Flhy, k) = SN (i, i) cos (N(z1 + )k1> (1\7;(1'2 + ;)/@) (6)

for k}]_ :O,...,N—l, kQZO,...,M—l.
To design a filter in the frequency domain, a mask H (k) is created to determine how much of
each frequency component is retained. Common filter types include:



1. Low-pass filter: Keeps low frequencies by attenuating coefficients above a certain frequency
cutoff. Effective for removing high-frequency noise but can blur edges.

2. High-pass filter: Keeps high frequencies and removes low frequencies. Useful for edge
enhancement but not typically for denoising.

3. Band-pass filter: Targets a specific range of frequencies.

4. Notch filter: Removes noise at specific frequency points (e.g., for removing periodic inter-
ference).

In this study, we primarily employ a simple low-pass hard thresholding filter, defined by the mask:

H(k) = {1 if |F(k)| <7 )

0 otherwise

where 7 is the frequency threshold. The filtering operation in the Fourier domain is a simple
multiplication:
G(k) = H(k) - F(k) (8)

where G(k) is the filtered spectrum.

After modifying the spectrum, the image is converted back to the spatial domain using the
Inverse Discrete Fourier Cosine Transform (IDFCT).

To avoid artifacts associated with global Fourier processing and to better adapt to local image
content, the DFCT is applied in a block-based manner. The image is divided into small, overlapping
16 x 16 blocks [31]. The DFCT denoising procedure is applied independently to each block, and the
final denoised image is formed by averaging the overlapping results from all blocks. This approach
provides spatial adaptation and helps prevent the ringing artifacts typical of global Fourier filtering.

3 Performance Evaluation

To quantitatively assess the efficacy of the denoising filters and facilitate a comparison between
them, we adopt the following standard image quality metrics.

1. Signal-to-Noise Ratio (SNR): This metric measures the ratio of the power of the original
signal to the power of the noise. A higher SNR indicates a stronger signal relative to the noise
and thus better denoising performance. For a clean image s and its denoised version 3, the

SNR is calculated as: Var(s)
ar(s
NR =101 —_—
SNR = 101ogy <Var(§ - s)> )
where Var(-) denotes the variance of the image.

2. Peak Signal-to-Noise Ratio (PSNR): This is a widely used metric, especially in image
processing, that defines the ratio between the maximum possible power of a signal and the
power of corrupting noise. A higher PSNR value indicates better denoising quality. It is

defined as: ( (1s)?
maxil|s



where MSE is the Mean Squared Error between the clean image s and the denoised image 3,
given by MSE = 4 3./ (s(i) — §(4))?, and max(|s|) is the maximum possible pixel value of
the image (e.g., 255 for an 8-bit image).

3. Image Distance (IM): This metric calculates the Euclidean distance between the clean
and denoised images in the vector space. It provides a direct measure of the overall error
magnitude. A lower IM value signifies that the denoised image is closer to the original and
therefore denotes better performance. It is defined as:

IM = [|s =32 = [> (s(i) — 3(0))? (11)

icl

4 Denoising Results

We performed extensive numerical simulations to examine the performance of the aforementioned
denoising methods. For this purpose, we used a 512 x 512 pixel grayscale CT scan image, shown
in Fig. 2a. Noisy versions of this image were created by adding different types of noise at various
strengths. The noise types considered are Gaussian noise, uniform noise, salt and pepper noise,
and Poisson noise. The following subsections present and explore the results obtained from the
various denoising methods. All computational programming were carried out using Mathematica
12.0.

[d)Poisson] [e)Salt Pepper|i

Figure 2: Test image used for denoising evaluation: (a) original clean CT scan; and its noisy versions
corrupted with (b) Gaussian noise (o = 25); (¢) uniform noise; (d) Poisson noise (o = 42.85); (e)
salt-and-pepper noise (density = 0.02).

4.1 Denoising using Wavelet transformation

We denoised the images using all wavelet filters mentioned in Section 2.1.1 and the thresholding
functions listed in Table 1. The specific combinations of thresholding functions and threshold



Table 2: Thresholding methods and functions evaluated in this study.

selection methods used in this work are summarized in Table 2.

Method Function Threshold Method
Universal Hard Universal
UniversalLevel Hard Universal-Level
VisuShrink Soft Universal
VisuShrinkLevel Soft Universal-Level
SURE Hard SURE
SureLevel Hard SURE-Level
SureShrink Soft SURE
GCV Soft GCV
GCV-Level Soft GCV-Level
SmoothGarrote SmoothGarrote Universal
PiecewiseGarrote | PiecewiseGarrote Universal
Hyperbola Hyperbola Universal

4.1.1 Gaussian Noise

Figure 2b shows the noisy image corrupted with additive white Gaussian noise at a standard
deviation of ¢ = 25 and zero mean. The initial quality metrics of this noisy image, presented in
Table 3, serve as a baseline for evaluating denoising performance.

The denoising results for the image in Fig. 2b, applying various wavelet filters and threshold
methods (see Table 2), are comprehensively detailed in Table 4. A clear performance hierarchy
emerges from the metrics. The Meyer and Shannon wavelets demonstrated the poorest perfor-
mance, failing to improve upon the noisy baseline across all thresholding functions. The Haar
wavelet provided only a marginal improvement, particularly with the GCV threshold, but its over-
all performance remained poor compared to other filters.

Table 3: Metrics values for Gaussian noisy image (Fig. 2b) relative to the clean reference (Fig. 2a).
SNR | PSNR | IM
11.92 | 20.17 | 50.19

In contrast, the CDF, Daubechies, Coiflet, Symlet, and Biorthogonal Spline (BIOS) wavelets
exhibited strong denoising capabilities, albeit with performance dependent on the specific thresh-
olding function. Figure 3 illustrates the PSNR values for the top four threshold functions for each
of these effective wavelet filters.

The Universal threshold consistently delivered robust performance across these five wavelet
families, achieving its best result (PSNR = 30.24) with the Biorthogonal Spline wavelet. The
Smooth Garrote function also performed exceptionally well, yielding its highest PSNR (30.62)
with the Symlet wavelet. The SURE threshold showed strong results with the CDF, Daubechies,
Coiflet, and Symlet wavelets, with its peak performance (PSNR = 30.96) also occurring with the
Symlet wavelet. While the GCV threshold worked well with CDF and Daubechies wavelets, its



performance was inconsistent with others. The Hyperbola function proved effective with Symlet
and BIOS wavelets but was less successful with other filters.

Table 4: Results of denoising the Gaussian noise for various wavelets filters with and thrsholding
functions. The best result for each wavelet family is highlighted in bold-Part 1/2

CDF Daubechies(12) Coiflet(4) Symlet(18)
Method SNR PSNR ™M SNR PSNR ™ SNR PSNR ™ SNR PSNR ™
Universal 21.24 29.49 17.15 21.35 29.61 16.92 21.46 29.71 16.72 21.89 30.14 15.92
UniversalLevel 11.63 19.88 53.36 5.99 14.25 99.40 9.30 17.55 68.21 3.32 11.57 135.2
VisuShrink 16.47 24.72 29.73 18.17 26.42 24.42 17.66 25.92 25.91 17.91 26.16 25.2
VisuShrinkLevel 6.31 14.56 104.38 3.49 11.75 132.38 5.54 13.79 105.33 1.99 10.25 158.2
SURE 22.02 30.28 15.67 22.19 30.44 15.37 22.05 30.31 15.62 22.71 30.96 14.49
SureLevel 16.94 25.19 28.13 19.50 27.75 20.96 18.89 27.15 22.46 19.41 27.66 21.18
SureShrink 17.39 25.64 26.73 18.96 27.21 22.30 18.31 26.57 24.04 18.90 27.16 22.47
GCV 21.21 29.47 17.21 20.90 29.16 17.82 21.07 29.33 17.48 12.98 21.23 44.49
GCV-Level 14.70 22.9 49.51 12.17 20.43 48.72 21.44 29.69 17.36 7.93 16.18 79.97
SmoothGarrote 21.29 29.54 17.05 22.26 30.51 15.26 22.10 30.36 15.53 22.36 30.62 15.07
PiccewiseGarrote 19.31 27.57 21.40 20.42 28.68 18.84 20.24 28.50 19.24 20.69 28.91 18.34
Hyperbola 20.33 28.58 19.05 21.02 29.27 17.59 20.97 29.22 17.69 21.38 29.63 16.88

Denoising results for Gaussian noise-Part 2/2

BIOS(2,8) Haar Meyer(14) Shannon

Method SNR PSNR ™ SNR PSNR ™M SNR PSNR Y SNR PSNR ™

Universal 21.98 30.24 15.75 15.7 23.96 32.44 7.33 15.58 85.67 5.43 13.68 107.5
UniversalLevel 12.03 20.29 49.58 6.37 14.63 94.99 6.73 14.98 96.69 1.68 12.93 122.3
VisuShrink 20.44 28.69 18.81 12.73 20.99 45.67 7.07 15.33 88.27 4.95 13.21 113.6
VisuShrinkLevel 7.14 15.39 87.97 2.92 11.18 141.3 4.40 12.66 122.3 2.81 11.06 147.7
SURELevel 15.97 24.23 31.45 15.97 24.23 31.45 7.32 15.57 85.74 5.30 13.55 109.1
SUREShrink 18.2 26.45 24.35 9.21 17.46 68.55 7.28 15.53 86.14 5.02 13.28 112.6
GCV 20.97 29.23 17.7 12.95 21.21 44.52 7.13 15.38 87.75 1.48 12.74 119.8
GCVLevel 9.77 18.03 64.34 17.69 25.95 25.81 7.18 15.44 87.07 4.69 12.94 120.8
SURE 13.96 22.2 43.87 14.51 22.76 37.22 7.15 15.41 90.94 5.44 13.69 107.4
SmoothGarrote 21.99 30.24 15.75 16.95 25.2 28.11 7.29 15.54 86.05 5.36 13.61 108.4
PiecewiseGarrote 22.84 31.09 14.28 14.52 22.77 37.19 7.31 15.57 85.82 5.34 13.59 108.7
Hyperbola 23.19 31.44 13.71 15.209 23.4637 34.36 7.33 15.59 85.62 5.38 13.64 108.1

We summarize the optimal thresholding function for each wavelet filter in Table 11. The SURE
threshold achieved the best performance for the CDF and Symlet wavelets, while Smooth Garrote
was optimal for Daubechies and Coiflet wavelets. Overall, the top denoising performance was
achieved by the Biorthogonal Spline wavelet (BIOS(2,8)) using the Hyperbola thresholding function,
attaining a PSNR of 31.44 dB.

4.1.2 Uniform noise

This section evaluates the capability of wavelet filters using different kind of thresholds to remove
the uniform noise. The clean image in Fig. 2a was corrupted with uniform noise at an intensity of
o = 25, resulting in the noisy image shown in Fig. 2c. The baseline metrics for this noisy image
are provided in Table 5.

Table 5: Metrics values for uniform noisy image (Fig. 2c¢) relative to the clean reference (Fig. 2a).
SNR | PSNR | IM
16.68 24.93 | 28.99

The resuts of denoising are presented in Table 6. Mirroring the results for Gaussian noise, the
Meyer and Shannon wavelets failed to denoise the image effectively. The Haar wavelet again pro-
vided only a slight improvement, with performance significantly lagging behind the other wavelets.

For the five effective wavelet filters (CDF, Daubechies, Coiflet, Symlet, BIOS), Figure 4 displays
the top four performing threshold functions. The Universal, SURE, Smooth Garrote, Hyperbola,
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Figure 3: Denoising performance (PSNR in dB) for Gaussian noise: comparison of the top four
thresholding functions for each wavelet filter.

and Piecewise Garrote functions achieved the most effective denoising. As summarized in Table 11,
the SURE threshold yielded the best results for the CDF, Daubechies, Coiflet, and Symlet wavelets.
However, consistent with the Gaussian noise case, the Biorthogonal Spline wavelet (BIOS(2,8))
achieved the overall highest performance using the Hyperbola threshold, attaining a PSNR of 34.46
dB.

Table 6: Results of denoising the uniform noise for various wavelets filters with and thrsholding
functions. The best result for each wavelet family is highlighted in bold-Part 1/2

CDF Daubechies(4) Coiflet(3) Symlet (8)

Method SNR PSNR IM SNR PSNR IM SNR PSNR M SNR PSNR IM

Universal 24.39 32.64 11.93 24.12 32.37 12.31 24.48 32.74 11.80 24.62 32.87 11.62
UniversalLevel 12.19 20.44 50.23 15.32 23.57 33.91 11.62 19.87 52.13 10.08 18.34 79.61
VisuShrink 19.42 27.67 21.16 20.08 28.34 19.59 20.20 28.45 19.33 20.53 28.78 18.62
VisuShrinkLevel 6.65 14.90 100.5 9.99 18.25 62.61 6.14 14.39 99.13 7.22 15.47 95.76
SURELevel 17.26 25.51 27.15 17.26 25.51 27.12 18.59 26.84 23.28 19.07 27.32 22.02
SUREShrink 20.80 29.06 18.03 21.97 30.22 15.77 21.36 29.61 16.92 22.21 30.47 15.34
GCV 10.39 18.64 59.88 14.29 22.55 38.16 14.79 23.05 36.05 9.43 17.69 66.89
GCVLevel 14.94 23.19 49.15 19.56 27.82 20.81 19.50 27.75 22.68 13.54 21.80 56.35
SURE 25.56 33.81 10.43 25.71 33.97 10.24 25.57 33.83 10.41 26.03 34.28 9.88
SmoothGarrote 24.74 33.0 11.45 24.93 33.18 11.21 25.18 33.44 10.89 25.44 33.70 10.57
PiecewiseGarrote 22.51 30.76 14.82 22.70 30.96 14.49 22.91 31.17 14.14 23.19 31.44 13.70
Hyperbola 23.52 31.77 13.19 23.56 31.81 13.13 23.83 32.08 12.73 24.03 32.28 12.44

Denoising results for uniform noise-Part 2/2

BIOS(2,8) Haar Meyer(7) Shannon
Mothod SNR PSNR ™ SNR PSNR ™ SNR | PSNR ™ SNR | PSNR ™
Universal 25.76 34.02 10.18 18.66 26.02 23.07 6.95 15.21 89.24 | 5.45 13.70 107.3
UniversalLovel 12.47 20.73 17.12 6.60 14.86 92.48 6.54 14.79 97.79 | 4.69 12.94 122.3
VisuShrink 23.28 31.54 13.55 15.21 23.46 34.35 7.07 15.32 88.12 5.17 13.42 110.8
VisuShrinkLevel 731 15.57 86.37 3.05 11.30 139.2 5.08 13.33 113.1 2.81 11.07 147.8
SURBLevel 18.97 37.22 22.28 9.20 17.45 68.59 6.95 15.21 §9.21 5.28 13.53 109.4
SUREShrink 24.64 32.89 11.59 17.44 25.69 26.56 7.07 15.32 88.12 5.21 13.47 110.3
GCV 9.88 18.14 63.51 9.76 18.02 64.32 6.94 15.20 §9.36 5.35 13.61 108.5
GCVievel 14.08 22.34 40.17 15.14 23.39 34.62 77 15.42 90.21 1.68 12.93 121.1
SURE 24.52 32.78 11.75 | 20.39 | 28.65 | 18.91 6.94 15.19 89.38 5.45 13.70 107.3
SmoothGarrote 26.07 34.33 9.83 19.68 37.04 20.52 6.08 15.24 88.97 | 5.42 13.67 107.7
PiocowiseGarrote 25.71 33.96 10.25 17.22 25.47 27.25 7.01 15.26 88.67 | 5.42 13.67 107.7
Hyperbola 26.21 | 34.46 5.68 18.04 26.29 34.80 6.99 15.25 §8.83 5.44 13.69 107.5
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Figure 4: Denoising performance (PSNR in dB) for uniform noise: comparison of the top four
thresholding functions for each wavelet filter.

4.1.3 Poisson noise

Poisson noise, where each pixel is an independent random variable drawn from a Poisson distribu-
tion, is a common model for photon-limited imaging. A Poisson noisy image was generated from
the clean reference (Fig. 2a) with a scale parameter of o = 42.85, shown in Fig. 2d. The initial
quality metrics (SNR, PSNR and IM) for this image are given in Table 7.

Table 7: Metric values of Poissonian noisy image (Fig. 2d) relative to the clean image (Fig. 2a.)
SNR | PSNR | IM
12.67 | 20.93 | 45.97

The denoising results for this Poisson-corrupted image are detailed in Table 8. The performance
trend observed with previous noise types continued: Meyer and Shannon wavelets failed entirely,
the Haar wavelet offered minimal improvement however, its performance is also bad comparing to
the other wavelets. The five primary wavelets (CDF, Daubechies, Coiflet, Symlet, BIOS) performed
effectively.

Figure 5 shows the best-performing threshold functions for each wavelet. The SURE, SURE-
Level, VisuShrink, Piecewise Garrote, and SURE-Shrink functions delivered the most effective
denoising. As summarized in Table 11, the SURE threshold provided the top performance for
every one of the five effective wavelet filters. Overall, the Biorthogonal Spline wavelet (BIOS(2,4))
in combination with the SURE threshold achieved the highest denoising quality, with a PSNR of
29.14 dB.
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Table 8: Results of denoising the Poisson noise for various wavelets filters with and thrsholding
functions. The best result for each wavelet family is highlighted in bold-Part 1/2

CDF Daubechies(8) Coiflet(4) Symlet(11)

Method SNR PSNR IM SNR PSNR IM SNR PSNR IM SNR PSNR IM

Universal 13.29 21.55 42.81 13.76 22.01 40.58 13.45 21.70 42.06 13.57 21.82 41.48
UniversalLevel 9.81 18.06 65.22 8.38 16.63 75.44 8.06 16.31 78.29 7.47 15.72 84.46
VisuShrink 18.16 26.42 24.44 19.43 27.69 21.11 18.71 26.97 22.94 19.05 27.30 22.07
VisuShrinkLevel 6.29 14.55 104.3 5.21 13.46 108.6 5.37 13.62 107.3 4.61 12.86 116.8
SURELevel 17.20 25.46 27.33 18.52 26.78 23.44 18.99 27.24 22.22 19.03 27.28 22.12
SUREShrink 15.19 23.44 34.44 16.85 25.11 28.41 16.60 24.85 29.28 16.69 24.94 28.97
GCV 14.31 22.56 38.09 14.42 22.68 37.60 15.24 23.49 34.25 12.60 20.86 46.40
GCVLevel 10.95 19.21 65.91 11.42 19.68 53.10 12.62 20.88 46.38 8.94 17.20 71.21
SURE 19.86 28.11 20.11 20.76 29.02 18.13 20.57 28.83 18.52 20.82 29.07 18.0
SmoothGarrote 15.15 23.40 34.59 15.93 24.18 31.60 15.40 23.65 33.60 15.62 23.87 32.75
PiecewiseGarrote 15.89 24.14 31.76 17.12 25.37 27.57 16.29 24.55 30.30 16.64 24.89 29.13
Hyperbola 14.82 23.07 35.92 15.76 24.01 32.23 15.12 23.38 34.68 15.38 23.64 33.67

Denoising results for Poisson noise-Part 2/2

BIOS(2,4) Haar Meyer(6) Shannon

Mothod SNR PSNR ™ SNR PSNR ™ SNR | PSNR ™ SNR | PSNR ™

Universal 13.04 21.29 44.10 12.93 21.19 14.63 5.81 14.06 101.6 | 4.98 13.23 113.0
UniversalLevel 9.68 17.94 69.44 5.08 14.24 99.34 5.72 13.97 106.6 | 4.37 12.63 126.2
VisuShrink 17.12 35.38 37.54 16.17 | 24.42 30.75 6.63 14.89 92.54 | 5.23 13.49 109.9
VisuShrinkLevel 6.06 14.32 109.2 2.94 11.20 T41.01 5.08 13.33 112.9 2.78 11.04 148.2
SURBELevel 17.47 35.73 26.46 9.20 17.45 68.59 6.76 15.02 91.17 | 5.29 13.55 109.2
SURBShrink 18.55 26.80 23.39 11.29 19.55 53.80 6.89 15.14 89.08 | 4.85 13.10 115.0
GCV 12.77 21.02 45.49 13.82 33.08 40.29 5.82 14.08 101.4 | 4.92 13.18 113.6
GCVLevel 11.24 19.50 65.92 11.37 19.63 53.40 5.85 1411 103.7 | 4.20 12.45 127.1
SURE 20.88 | 29.14 | 17.88 14.18 33.43 38.66 6.77 15.02 91.10 | 5.41 13.66 107.8
SmoothGarrote 14.46 22.72 37.42 14.21 22.47 38.51 G.15 T4.41 07.73 5.16 13.41 110.8
PiocewiseGarrote 14.90 23.15 35.59 1451 22.76 37.22 6.33 14.58 95.83 5.25 13.50 109.7
Hyperbola 14.13 22.38 38.89 13.86 32.12 40.09 6.15 14.40 97.80 | 5.16 13.42 110.7
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Figure 5: Denoising performance (PSNR in dB) for Poisson noise: comparison of the top four
thresholding functions for each wavelet filter.

4.1.4 Salt-and-Pepper noise

Salt-and-pepper noise, an impulse-type noise often caused by the errors in transmission of data,
manifests as sparsely occurring maximum-value (salt) and minimum-value (pepper) pixels [25]. The
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clean image was corrupted with this noise using a probability of 0.02 in both the horizontal and
vertical directions, resulting in the image shown in Fig. 2e. Its baseline metrics are provided in
Table 9.

The denoising results are presented in Table 10. Consistent with all previous experiments, the
Meyer and Shannon wavelets failed to denoise the image, and the Haar wavelet’s performance was
negligible. The five main wavelet filters performed effectively, with the optimal threshold function
varying per filter.

Figure 6 illustrates the top four thresholds for each of the five effective wavelets. The SURE,
SURE-Level, and VisuShrink thresholds achieved good results across all wavelets. The SURE-
Shrink function performed well with CDF, Symlet, and BIOS wavelets, while Smooth Garrote was
effective with Daubechies and GCV with Coiflet.

Table 11 summarizes the best threshold function for each wavelet. The SURE-Level threshold
achieved the best results for four of the five wavelets, while the SURE threshold was optimal for the
BIOS(2,8) wavelet. The overall highest performance was attained by the Daubechies(12) wavelet
using the SURE-Level threshold, achieving a PSNR of 27.0 dB.

Table 9: Metrics values of salt pepper noisy image (Fig. 2e) relative to the clean image (Fig. 2a.)
SNR | PSNR | IM
9.46 17.71 | 66.68

Table 10: Results of denoising the salt-and-pepper noise for various wavelets filters with and thrsh-
olding functions. The best result for each wavelet family is highlighted in bold-Part 1/2

CDF Daubechics(12) Coiflet (5) Symlct(8)

Mothod SNR PSNR ™ SNR PSNR ™ SNR PSNR ™ SNR PSNR ™

Universal 9.53 17.79 66.10 12.55 20.80 16.76 10.02 18.28 62.46 9.83 18.08 63.89
UniversalLevel 7.66 15.01 85.81 5.02 13.27 111.0 6.41 14.66 94.58 7.30 15.55 96.71
VisuShrink 12.04 20.30 19.52 17.55 25.80 26.39 14.32 22.57 38.15 13.54 21.79 1171
VisuShrinkLevel 5.13 13.39 115.8 3.27 11.52 135.7 .21 12.47 122.0 6.09 14.35 104.9
SURBELevel 16.49 | 24.76 | 29.75 | 18.74 27.0 23.07 | 18.57 | 26.82 | 28.50 | 18.17 | 26.42 | 24.60
SURBEShrink 11.95 30.20 50.0 13.51 21.77 1181 12.99 31.24 14.37 12.53 30.78 16.76
GCV 10.14 18.40 615 10.0 18.26 62.61 13.87 22.13 40.09 10.72 18.98 57.63
GOV Lovel 8.77 17.02 77.49 8.35 16.61 75.65 9.90 18.15 63.31 5.23 16.49 84.41
SURE 16.35 34.61 30.24 17.95 26.21 35.22 17.52 25.77 26.48 17.47 25.72 26.62
SmoothGarrote 10.30 18.55 60.52 14.78 23.04 36.18 11.63 19.88 51.04 1111 19.37 55.11
PiccewiseGarrote 10.45 18.70 59.48 17.10 25.35 27.78 12.25 20.51 18.34 11.54 19.79 52.50
Hyperbola 10.06 1831 62.23 15.47 23.72 33.46 11.35 19.60 53.65 10.82 19.08 56.99

Denoising results for salt-pepper noise-Part 2/2

BIOS(2,8) Haar Meyer(7) Shannon

Method SNR PSNR IM SNR PSNR IM SNR PSNR IM SNR PSNR IM

Universal 9.40 17.65 67.11 9.40 17.65 67.11 5.33 13.59 107.1 4.56 12.82 117.9
UniversalLevel 7.86 16.12 80.03 5.0 13.26 111.2 5.37 13.63 109.6 3.99 12.25 130.1
VisuShrink 9.50 17.75 66.36 9.40 17.65 67.11 6.61 14.86 92.60 4.85 13.10 114.3
VisuShrinkLevel 5.58 13.83 104.5 2.21 10.47 153.4 4.79 13.05 115.9 2.62 10.87 149.9
SURELevel 16.96 25.21 28.25 9.10 17.35 69.47 6.84 15.09 90.18 5.02 13.28 112.0
SUREShrink 15.26 23.52 34.18 9.05 17.30 69.86 6.59 14.85 92.81 4.23 12.49 122.7
GCV 9.39 17.64 67.12 9.78 18.04 64.22 5.01 13.26 111.2 4.26 12.51 122.4
GCVLevel 8.63 16.88 73.49 9.03 17.29 70.0 5.34 13.59 108.9 3.72 11.97 132.7
SURE 18.06 26.31 24.95 12.49 20.75 47.04 6.85 15.10 90.09 5.08 13.33 111.3
SmoothGarrote 9.40 17.65 67.10 9.40 17.65 67.11 5.88 14.13 100.6 4.80 13.06 114.8
PiecewiseGarrote 9.40 17.65 67.10 9.40 17.65 67.11 6.20 14.45 97.04 4.96 13.21 112.8
Hyperbola 9.40 17.65 67.11 9.40 17.65 67.11 5.90 14.16 100.3 4.85 13.10 114.2

Finally we mension to that, as it is clear from Table 11, the SURE threshold fulfills best re-
sults in 12 case of 20 case. However, SURELevel gives best results in four cases and SmoothGar-
rote and Hyperbola in two cases for each. The table shows also that, the BIOSWavelet satis-
fies the highest performance in case of Gaussian noise, uniform noise and Poisson noise, however
DaubechiesWavelet gives the highest result in case of salt and pepper noise.
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Figure 6: Denoising performance (PSNR in dB) for salt-and-pepper noise: comparison of the top
four thresholding functions for each wavelet filter.

4.2 Denoising using Fourier Domain Filtering

Using the same noisy images from the wavelet denoising experiments (Fig. 2b-e), we present
the results of denoising via the Block-Based Discrete Fourier Cosine Transform (DFCT) method
described in Section 2.2. A hard thresholding filter with a tuned threshold value T was used for
each noise type. The optimal value of 7 that yielded the best denoising performance for each noise
type is presented in Table 12, along with the resulting metrics.

As a reminder, the DFCT was applied locally on overlapping 16 x 16 blocks of the noisy image.
The value of each pixel in the final denoised image is the average of the corresponding pixel in all
overlapping blocks that contain it [31]. This block-based approach is crucial for avoiding artifacts
and adapting to local image statistics.

5 Discussion of results

The Discrete Wavelet Transform (DWT) and Discrete Fourier Cosine Transform (DFCT) are two
fundamental methods for image denoising. They possess intrinsic differences in how they analyze
image content, which theoretically should lead to different strengths. The DWT offers good local-
ization in both frequency and space, meaning a DWT coefficient conveys information about both
the frequency content and its spatial location. In contrast, the DFCT provides excellent frequency
localization but poor spatial localization within a global context; a DFCT coefficient indicates what
frequency is present in a block but not its precise location within that block.

Contrary to the initial hypothesis that DWT’s multi-resolution and spatio-frequency localization
would grant it superior denoising capabilities [9, 11], our results unequivocally demonstrate that
the block-based DFCT approach achieved significantly higher SNR, PSNR, and lower IM values for
all tested noise types (Gaussian, Uniform, Poisson, Salt-and-Pepper). Fig. 7 shows the values of
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Table 11: Summary of optimal denoising configurations: For each noise type and wavelet family,
the thresholding method achieving the highest PSNR is shown, along with the corresponding per-

formance value.
Gaussian | Wavelet CDF Daubechies(12) Coiflet(4) Symlet(18) | BIOS(2,8)
Noise Method SURE SmoothGarrote | SmoothGarrote SURE Hyperbola
PSNR 30.28 30.51 30.36 30.96 31.44
Uniform | Wavelet CDF Daubechies(4) Coiflet(3) Symlet(8) | BIOS(2,8)
Noise Method SURE SURE SURE SURE Hyperbola
PSNR 33.81 33.97 33.83 34.28 34.46
Poisson | Wavelet CDF Daubechies(8) Coiflet(4) Symlet(11) | BIOS(2,4)
Noise Method SURE SURE SURE SURE SURE
PSNR 28.11 29.02 28.83 29.07 29.14
Salt and | Wavelet CDF Daubechies(12) Coiflet(5) Symlet(8) | BIOS(2,8)
Pepper Method SURELevel SURELevel SURELevel SURELevel SURE
PSNR 24.75 27.00 26.82 26.42 26.31

Table 12: Denoising performance of DFCT: Quantitative metrics before and after denoising for all
noise types, using optimized threshold values 7.

SNR | PSNR | IM

Gaussian Noise Noisy image 11.91 20.16 | 50.22
Denoised image (7 = 0.27) | 27.81 | 36.07 8.05

Uniform Noise Noisy image 16.68 24.94 | 28.98
Denoised image (7 = 0.15) | 30.78 | 39.03 5.72

Poisson Noise Noisy image 12.70 | 20.96 | 45.85
Denoised image (1 =0.3) | 27.13 | 35.39 8.71

Salt and Pepper Noise | Noisy image 9.32 17.57 | 67.76
Denoised image (7 = 0.4) 23.81 | 32.07 | 12.83

PSNR for both motheds for comprision.

We posit that this superior performance is not due to a fundamental weakness of the wavelet
transform itself, but rather a consequence of the processing methodology. Our DW'T implementation
applied denoising globally to the entire image. This global thresholding can inadvertently remove
weak but important signal coefficients that are statistically similar to noise across the entire image,

leading to a loss of fine detail and potential oversmoothing.

Conversely, the DFCT filter was applied using a block-based approach, processing small (16 x 16),
overlapping partitions of the image independently. This method offers two key advantages:

1. Adaptation to Local Statistics: Noise and signal characteristics can vary across an image.
By processing small blocks, the DFCT filter effectively adapts to local image content and
noise levels. A threshold that is optimal for a smooth region (high noise, low signal) may be
different from one optimal for a textured or edge-rich region. Local processing allows for this
adaptation, whereas a single global threshold in DWT cannot achieve the same flexibility.

2. Preservation of Local Details: Operating on small blocks allows the DFCT to preserve
fine details and textures within each block without being influenced by statistics from distant
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image regions. This prevents the blurring of edges and textures that can occur when a global
operation averages out small-scale features.

In essence, the block-based DFCT acts as an adaptive denoising method that respects the non-
stationary nature of images. While the DWT’s multi-resolution analysis is powerful, its effectiveness
in this study was hampered by the use of a global processing strategy. The results suggest that for
the additive noise models tested, the benefit of local adaptation in DFCT outweighs the benefit of
the DWT’s multi-scale edge representation when a global threshold is used.

This finding highlights a critical principle in image processing: the implementation strategy
(global vs. local processing) can be as important as the choice of transform itself. Future work
could explore local or adaptive wavelet thresholding schemes (e.g., context modeling, spatially
varying thresholds) to leverage the strengths of wavelets while incorporating the local adaptability
that made DFCT successful in this study. Figs. 8-11 show visual comparison of denoising results
for the four kinds of noise. In the Figs. 8-11 the left image is noisy input image, the middle
image is denoised image using the best wavelet method (BIOS wavelet with Hyperbola threshold
for case of Gaussian and uniform noise, BIOS wavelet for Poisson noise and Daubechies wavelet
with SURELevel for salt-and-pepper noise) and, the right image is denoised using DFCT.

PSNR
40}
or o [ Noisy Image

- W BIOSWavelet(Hyperbola)
20 F—— — B DFCT

— W BIOSWavelet(SURE)
[0 Daubechies(SURELevel)
10+
0

Gaussian Uniform Poisson Salt Pepper

Figure 7: Comparative performance analysis: Peak Signal-to-Noise Ratio (PSNR in dB) achieved
by the best DWT method versus DFCT for all four noise types.

6 Conclusion

This study conducted a thorough empirical comparison between Discret Wavelet Transform (DWT)
and Discrete Fourier Cosine Transform (DFCT) filtering for denoising medical images corrupted
with various types of additive noise. We evaluated a extensive suite of wavelet families (Haar,
Daubechies, Coiflet, Symlet, CDF, Biorthogonal Spline, Meyer, Shannon) combined with numerous
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Figure 8: Visual comparison of denoising results for Gaussian noise: (left) noisy input; (middle)
denoised using the best wavelet method (Biorthogonal Spline wavelet with Hyperbola threshold);
(right) denoised using DFCT.

Figure 9: Visual comparison of denoising results for uniform noise: (left) noisy input; (middle)
denoised using the best wavelet method (Biorthogonal Spline wavelet with Hyperbola threshold);
(right) denoised using DFCT.

thresholding functions (Hard, Soft, Smooth Garrote, etc.) and selection rules (Universal, SURE,
GCV).

The central and most significant finding is that a block-based DFCT filtering approach consis-
tently and substantially outperformed a global DWT approach across all noise types (Gaussian,
Uniform, Poisson, Salt-and-Pepper) and all quantitative metrics (SNR, PSNR, IM). The best-
performing DWT methods achieved notable results, for instance, Biorthogonal Spline wavelets
with hyperbola thresholding reached a PSNR of 34.46 dB for uniform noise, yet were still surpassed
by DFCT, which achieved a PSNR of 39.03 dB for the same noise.

We conclude that the superior performance of DFCT is primarily attributable to its localized,
block-based processing strategy. This approach allows the algorithm to adapt to the varying local
statistics of an image, effectively separating noise from signal within small regions without the
oversmoothing or loss of fine detail that can plague global denoising techniques like the DWT
implementation used here.

Therefore, for practical medical image denoising applications where computational efficiency
and effectiveness are paramount, block-based DFCT filtering presents a remarkably powerful and
reliable solution. It offers a compelling balance of high performance, conceptual simplicity, and
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Figure 10: Visual comparison of denoising results for Poisson noise: (left) noisy input; (middle)
denoised using the best wavelet method (Biorthogonal Spline wavelet with SURE threshold); (right)
denoised using DFCT.

Figure 11: Visual comparison of denoising results for salt-and-pepper noise: (left) noisy input;
(middle) denoised using the best wavelet method (Daubechies wavelet with SURELevel threshold);
(right) denoised using DFCT.

computational efficiency. This work underscores that the choice of denoising algorithm must con-
sider not only the mathematical transform but also the processing framework (global vs. local).
Future research should focus on developing and comparing adaptive, local-scale wavelet methods
to fully leverage the potential of multi-resolution analysis in denoising tasks.

References

[1] M. Elad, B. Kawar and G. Vaksman, Image Denoising: The Deep Learning Revolution and
Beyond, arXiv:2301.03362v1, [eess.IV] 9 Jan 2023.

[2] P. Milanfar. A tour of modern image filtering: new insights and methods, both practical and
theoretical. IEEE Signal Processing Magazine, 30(1):106-128, 2013.

[3] C. Tomasi and R. Manduchi, Bilateral filtering for gray and color images, in Sixth international
conference on computer vision (IEEE Cat. No. 98CH36271), IEEE, pp. 839-846, 1998.

19



[4]

[5]

M. Elad, On the origin of the bilateral filter and ways to improve it, IEEFE Transactions on
image processing, 11, pp. 1141-1151, 2002.

A. Beck and M. Teboulle, Fast gradient-based algorithms for constrained total variation image
denoising and deblurring problems, IEEFE Transactions on image processing, 18, pp. 2419-2434,
2009.

H. Hu, J. Froment, B. Wang and X. Fan, Spatial-Fequency domain nonlocal total variation for
image denoising, Inverse Problems and Imaging, doi:10.3934/ipi.2020059, 2020.

K. R. Rao, J. J. Hwang, and D. N. Kim, Fast Fourier Transform: Algorithms and Applications,
Springer Science and Business Media B.V. 2010.

N. Ahmed, T. Natarajan, and K. R. Rao, Discrete Cosine Transfonn, IEEE TRANSACTIONS
ON COMPUTERS, pp.90-93, JANUARY 1974.

Z. Xizhi, The Application of Wavelet Transform in Digital Image Processing, IEFE Interna-
tional Conference on MultiMedia and Information Technology, 326-329, 2008.

I. Daubechies, Ten lectures on wavelets [M]. Philadelphia: Society for Industrial and Applied
Mathematics, 1-56, 1992.

Yuehong Chen, An Introduction to Wavelet Analysis with Applications to Image and JPEG
2000, IMIP, 49-57, 2022.

W. K. Pratt, Generalized Wiener filtering computation techniques, IEEE Trans. Comput., vol.
C-21, pp. 636-641, July 1972.

W. H. Richardson, Bayesian-based iterative method of image restoration, JOSA, vol. 62, no.
1, pp. 55-59, 1972.

S. Agarwal, Analysis of linear filtering techniques on X Ray, IEEE Communication Society
ICCCT 2014.

S. Agarwal, O. P. Singh and D. Nagaria, Analysis and Comparison of Wavelet Transforms For
Denoising MRI Image, Biomedical & Pharm. Journal, Vol. 10(2), 831-836, 2017.

R. Kumar and B. S. Saini, Improved Image Denoising Techniques Using Neighboring Wavelet
Coefficients of Optimal Wavelet with Adaptive Thresholding, International Journal of Com-
puter Theory and Engineering, 4(3): 2012.

J. C. Hoch and A. S. Stern, NMR Data Processing. Wiley-Liss, New York: 144-151, 1996.

D. L. Donoho and I. M. Johnstone, Denoising by soft thresholding, IEEE Trans. on Iriform.
Theory, Vol. 41, pp. 613-627, 1995.

Medhat ME, A Review on Applications of the Wavelet Transform Technique in Spectral Anal-
ysis, J Appl Computat Math, 4: 224, 2015.

C. Taswell, In: A. Antoniadis, G. Oppenheim (eds) Wavelet and Statistics, Springer-Verlag
New York, New York: 361-375, 1995.

20



[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

J. B. Buckheit and D. L. Donoho, In: Antoniadis A, Oppenheim G (Eds) Wavelet and Statistics,
Springer-Verlag New York, New York: 55-81,1995.

X.Y. Zou and J. Y. Mo, Spline-Wavelets Analysis of Step Voltammetry Signals, Chem. J.
Chin. Univ., 17: 1522-1527, 1996.

R. R. Coifman, Y. Meyer, S. Quake, M. V. Wickerhauser and J. S. Byrnes, Wavelet and Their
Application, Kluwer Academic Publishers, Netherlands: 363-379, 1994.

G. Strang and T. Nguyen, Wavelets and Filter Banks, Wellesley-Cambridge Press, MA: 72,
1996.

S. Ruikar and D. D. Doye, Image Denoising Using Wavelet Transform, International Conference
on Mechanical and FElectrical Technolog, pp. 509-515, 2010.

S. Chang, B. Yu, and M. Vetterli, Adaptive wavelet thresholding for image denoising and
compression, IEEE Trans. Image Processing, vol. 9, pp. 1532-1546, Sept. 2000.

D. Van De Ville and M. Kocher, Sure-based non-local means, IEEFE Signal Process. Lett., 16,
973-976, 2009.

C. M. Stein, Estimation of the mean of a multivariate normal distribution, Ann. Statist., 9,
1135-1151, 1981.

S. Arivazhagan, S. Deivalakshmi and K. Kannan, Performance Analysis of Image Denoising
System for different levels of Wavelet decomposition, International Journal of Imaging Science
and Engineering (IJISE), 1(3), (2007).

S. A. Khayan, The Discrete Cosine Transform: Theory and Application, Information Theory
and Coding, ECE 802-602, 2003.

Wolfram  Research  (2012), FourierDCTFilter, Wolfram  Language  function,
https://reference.wolfram.com/language/ref/Fourier DCTFilter.html.

21



