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Abstract: Ultrasound imaging is widely used in medical diagnostics. However, the presence of speckle noise degrades
image quality by reducing contrast and obscuring structural details. To overcome this problem, this study proposes a
despeckling algorithm that integrates the non-subsampled shearlet transform, an enhanced gradient-domain guided
filter (ecGDGF) augmented with the maximum local variation (MLV) operator, and an improved thresholding shrinkage
rule derived from the residual image weighted by a bilateral filter. The integration of the edge-aware eGDGF with the
MLV operator enhances local contrast and structural sharpness in low-frequency subbands, while the improved
thresholding shrinkage rule in high-frequency subbands enables adaptive speckle suppression and perceptual
enhancement. Experimental results demonstrate that the proposed algorithm achieves effective noise reduction while
preserving structural details and improving the perceptual quality of ultrasound images with varying noise levels.
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1. Introduction

Ultrasound technology has been prevalent in
medical imaging for decades. Compared to other
imaging modalities, ultrasound possesses distinct
beneficial characteristics. It is harmless as it does not
involve ionizing radiation exposure and is non-
invasive. Moreover, it is economically efficient and
can produce real-time results [1, 2]. Ultrasound
imaging uses sound waves with frequencies over 20
kHz. Ultrasound frequencies employed for clinical
applications typically vary from 1 MHz to 12 MHz.
Ultrasound waves originate from a transducer that
transforms electrical energy into mechanical energy
and operates based on the piezoelectric principle [3].

The physical interactions between ultrasound
waves and tissues in the body fundamentally
influence the quality of the generated ultrasound
images. When ultrasound waves hit their target, they
are reflected and interact in both destructive and
constructive ways, resulting in speckles in the image.
Speckle is an inherent multiplicative noise that

International Journal of Intelligent Engineering and Systems, Vol.18, No.11, 2025

obscures the image edges. Furthermore, slight
variations in the number of reflected ultrasound
waves, caused by subtle variances in the acoustic
impedance of tissues in the body, typically result in
ultrasound images with low contrast. The presence of
speckle noise exacerbates this lack of contrast.
Consequently, suppressing speckle noise prior to the
analysis and processing of ultrasound images is
essential, and a significant number of researchers
have concentrated their efforts on this matter [4, 5].
Denoising techniques applicable to medical
ultrasound images can be classified into three
categories: spatial domain filters, transform domain
filters, and hybrid filters [6]. Some common spatial
domain filters, like median filter [7, 8] bilateral filter
[9, 10] and guided filter (GF) [11], reduce image
noise by utilizing the statistical characteristics of
neighboring pixels in a specified local window. The
reduction of speckle noise mainly depends on the
local window size. Moreover, there are fundamental
trade-offs present between noise suppression and
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edge preservation, which frequently result in the
blurring of details.

Another type of spatial filter is the speckle
reducing anisotropic diffusion (SRAD) filter and its
derivatives, such as the modified SRAD (MSRAD)
filter and the detail preserving anisotropic diffusion
filter. Anisotropic diffusion filters reduce diffusivity
at edge locations and facilitate diffusion in
homogeneous regions with small intensity changes
[12]. These filters effectively diminish speckle noise
and maintaining critical edges and features in the
image, but they need extensive computing time and
rely significantly on parameter selection.

Wavelet, contourlet, and shearlet are some
transform domain denoising techniques. The wavelet
transform suppresses noise by decomposing the noisy
image into one low-frequency (LF) subband and
three high-frequency (HF) subbands and then
applying thresholding to the coefficients in the HF
subbands [13]. By integrating the Laplacian pyramid
and directional filter bank, the contourlet transform
effectively captures geometric information while
removing noise in the image [14].

The shearlet transform offers more flexibility in
representing the geometric structure of images [15].
To address the issue of shift invariance in contourlet
and shearlet transforms, the nonsubsampled
contourlet transform (NSCT) and nonsubsampled
shearlet transform (NSST), respectively, were
introduced by removing subsampling procedures at
each decomposition step [14, 16]. Although
transform-domain  filters are  proficient at
differentiating noise from structural elements, they
frequently exhibit sensitivity to direction or shifts.
Their effectiveness is significantly influenced by the
selected threshold rule, which limits their adaptability
to spatially varying noise, such as speckle in
ultrasound images.

A number of studies have suggested combining
transform-domain with spatial-domain filters to
further enhance denoising performance. A
homomorphic NSCT employing a thresholding
function, a bilateral filter, and a self-organizing map
(SOM) was proposed to despeckle ultrasound images
[17]. The technique demonstrates excellent denoising
performance, as evidenced by increased peak signal-
to-noise ratio (PSNR) and structural similarity index
(SSIM) following the SOM-based deblurring stage.
Ilesanmi et al. [18] combined the Wiener filter and
the new fast bilateral filter to eliminate speckle noise.
Meanwhile, artifacts in the image were removed

using a combination of wavelet and anisotropic filters.

This approach effectively reduces speckle but
induces visual blurriness.
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The NSCT was combined with a cross-guided
bilateral filter to improve the quality of ultrasound
images through despeckling [19]. This method
simplifies the process of filtering speckle noise,
although its effectiveness diminishes in the presence
of high noise levels. Jubairahmed et al. [20]
combined the contourlet transform with an SRAD
filter in the HF subbands and adaptive thresholding in
the LF subband. Their findings indicate that the
proposed method substantially eliminates speckle
noise in ultrasound images but also decreases edge
sharpness. A technique based on the NSST and a GF
was used for despeckling ultrasound images [21]. An
enhanced threshold function and a three-variable
shrinkage function were introduced to execute
thresholding in the HF subbands. Meanwhile, the GF
processed the LF subbands. This technique is
effective in filtering speckle noise. Bedi et al. [22]
applied the NSST to remove speckle noise and
enhance ultrasound images. They used MSRAD in
the LF subband. Their approach preserves structures
and edges and enhances contrast but requires more
computational time.

In recent years, developments in image denoising
have shown an increasing focus on integrating
multiscale transform representations with data-driven
learning models to improve speckle suppression and
detail preservation. Lyu et al. [23] introduced
NSTBNet, a hybrid framework that combines the
NSST with a broad convolutional neural network
(CNN) architecture to enhance texture reconstruction
and increase robustness to Gaussian noise in images.
Similarly, Katta et al. [24] proposed a dual-phase
denoising strategy that combines the NSST with
Bayesian thresholding and integrates a method-noise
Deep CNN-based post-processing operation for CT
image enhancement, showcasing significant
advancements in visual quality when compared to
conventional filters. The findings highlight the
efficacy of hybrid NSST-CNN methods, with
transform-domain decomposition offering directional
sparsity and CNN-based learning improving non-
linear feature extraction.

Parallel to these hybrid models, recent research
has also explored frameworks that rely solely on deep
learning techniques functioning entirely within the
spatial domain. Sun et al. [25] presented NSBR-Net,
a transformer-based segmentation model that
incorporates a noise suppression module (NSM) and
a boundary refinement module (BRM). This model
effectively decouples high- and low-frequency
components to reduce speckle interference and
enhance the precision of lesion boundaries. Kang et
al. [26] introduced a residual network (ResNet)
model tailored for ultrasound image denoising,
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demonstrating notable improvements in PSNR and
RMSE when compared to traditional spatial filters
like median and Wiener filters.

Khalifa et al. [27] introduced a metric-optimized
knowledge distillation (MK) model designed to
facilitate the transfer of knowledge from a high-
capacity teacher network to a lightweight student
model, achieving an effective balance between
denoising accuracy and computational efficiency. Yu
et al. [28] introduced a self-supervised ultrasound
denoising framework that combines a blind-
neighborhood network (BNN) and U-Net using a
weighted joint loss function. This approach removes
the requirement for clean—noisy image pairs while
effectively balancing noise removal with structural
fidelity. The performance of these data-driven
methods is remarkable; however, they often depend
on large annotated datasets, significant GPU
resources, and prolonged training duration, which can
limit their application in resource-constrained
settings.

According to the previously discussed literature,
existing ultrasound despeckling techniques reveal
various limitations, even with notable advancements.
Conventional spatial-domain filters frequently lead to
significant smoothing and edge blurring as a result of
their dependence on local averaging. Transform-
domain methods, such as those utilizing the NSST,
successfully distinguish between high- and low-
frequency components; however, they can still result
in ringing artifacts or a reduction in texture detail
when fixed thresholding rules are employed. Deep
learning frameworks, despite their capabilities,
necessitate extensive annotated datasets and demand
significant computational resources. As a result, there
is an essential requirement for an approach that does
not rely on training and can efficiently reduce speckle
noise while preserving structural integrity, offering
an alternative to data-intensive deep learning
paradigms.

To address these challenges, this study proposes
a new ultrasound image despeckling algorithm
designed to enhance image quality without
compromising structural fidelity. The proposed
framework integrates the NSST, an enhanced
gradient domain guided filter (eGDGF), and an
improved thresholding function. The NSST
decomposes the input image into low-frequency (LF)
and high-frequency (HF) subbands, enabling scale-
adaptive processing. The eGDGF, augmented with
the maximum local variation (MLV) operator, is
applied to the LF subband to improve edge
preservation while maintaining natural brightness
and local contrast. Meanwhile, the improved
thresholding function—constructed on the Bayesian
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shrinkage rule and a bilateral filter—enhances the
adaptability of HF denoising, allowing for more
effective speckle suppression while retaining fine
perceptual details. This integrated design allows the
algorithm to effectively suppress speckle noise while
preserving both structural and perceptual fidelity.

The remainder of this paper is organized as
follows. Section 2 presents the research methods,
including the theoretical background of the
algorithmic components, the overall research
framework, and the mathematical expressions used
for performance evaluation. Section 3 provides the
experimental results and detailed discussions of the
findings. Finally, Section 4 concludes the paper by
summarizing the main contributions.

2. Methods

The proposed ultrasound image despeckling
algorithm comprises three key components: the
NSST, the GDGF, and a thresholding function.

2.1 Non-subsampled shearlet transform

The shearlet transform was developed to address
the directionality and anisotropy constraints
presented by the wavelet transform when applied to

Table 1. Notation list
Description
Shearlet basis function system
Basis function
Anisotropic matrix
Multi-orientation shearing matrix
Number of scaling operations
Number of direction operations
Shift parameter
Number of decomposition level
Linear coefficients of GDGF
Local output image of GDGF
Input (noisy) image
Guidance image
Local window (radius r)
Regularization parameter
Edge-aware weight
Number of image pixels
Dynamic range
Enhanced image

Threshold
Total number of subband coefficients
Tk Residual image
Xk Speckled image
Sk Despeckled image
fi,fo Optimized weights
V(u,v) MLV at pixel (u,v)
s Noise-free image
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multidimensional functions. The shearlet transform
provides a superior and more detailed way to
represent an image due to its significant directional
sensitivity and optimal sparsity [29]. The shearlet
basis function system in dimension » = 2 is shown in

Eq. (1).

A4p(W)= .
{1, C)=Idet AJz y (B4 (-b)): j1€Z, keZ*} (1)

where y € L*(R?) denotes a basis function, 4 signifies
an invertible anisotropic matrix for scale operation, B
represents an invertible multi-orientation shearing
matrix, and j and / determine the number of scaling
and direction operations on the basis functions,
whereas £ is the shift parameter that signifies location.
Parameters A = A; and B = B; for d = 0, 1 are as
follows:

vof el
a=fo b B=li ) @)

The shearlet transform fails to address the shift-
invariance issue introduced by the downsampling and
upsampling processes in the algorithm. By omitting
the downsampling and upsampling procedures on the
Laplacian pyramid, the NSST becomes a shift-
invariant type of shearlet transform. The NSST
discretization technique consists of two phases:
multiscale decomposition, accomplished by a non-
subsampled Laplacian pyramid (NSLP) filter bank,
and orientation localization, performed with a
shearlet filter (SF) [30].

The NSLP divides the input image into a HF
subband and an LF subband at the first decomposition
stage. At higher stages, the LF subband undergoes
decomposition to produce both HF and LF subbands.
The filter utilized for the higher levels of the
decomposition process is derived by upsampling the
filter from the first level. When the decomposition
level is established at J, the input image is partitioned
into J+1 subbands of identical dimensions to the input
image, one of which is an LF subband. To achieve
orientation localization, the SF is used to create 2
directional subbands for each HF subband, and these
subbands are the same size as the input image.

2.2 Gradient domain guided filter

The objective of gradient domain guided filtering
(GDGF) is to determine the linear coefficients a,r and
b, to produce the local output image Z, according to
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Eq. (3) by minimizing the local cost function in Eq.

(4) [31].

Z,=a,G,+b,, YpEQ,p) 3)
2 A 2
Zp c0,)[(@y Gty = X)) + 5 (ay = 1,071 ()

X, represent the input image in the local window
Q«(p"), while G, represents the guidance image in the
same window, both centered at p’ with a radius 7. A
serves as the regularization parameter to avoid a,
from becoming excessively large.

To(p') is an edge-aware weight which is defined
by using Eq. (5).

Fa(p) = 3y, Kok )
1) =061() 06,:(P) (6)

where N is the number of image pixels. ¢ is a constant,
determined as (0.001xL)?, where L is the dynamic
range of the input image. To generally define the
function y(+), x(p") as in Eq. (6) is used. o¢,1(p") and
oc,A(p") are the standard deviation of the 3%3 window
and (2r+1)x(2r+1) window, respectively.

Parameter y, is presented in Eq. (7).

1

1+ ) -1yr)

vy =1- (7)

where . indicates the mean value of the dataset

@)V, € Qu(p")} and

4
10 - Min(r(p).¥p € Qu(p)

n= 3

The prime values of a, and b, are calculated
according to Eq. (9).

. , . 2
_ quOX,r(p) 'qu,r(P )!er(P ) +myp'
)

a ' 1
’ | oé,@wT;)
bp’ :'uX,r(p) -ay 'uG,r(p) ©)

Then, the value of Z, is presented as follows:

Z,=a,G, *+ b, (10)
where @, and l_)p are the mean values of g, and b, in
the window Q.(p"), respectively.

The image is smoothed while the detailed features
are preserved through GDGF. The edge and detail of
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the image can be enhanced by subtracting the filtered
image from the original image, resulting in a
difference image. The difference image is
subsequently combined with the filtered image to
yield an enhanced version [32]. The formula is
outlined below.

Hy=7, + c(X, - z, ) (11)

where c is the scale coefficient.
2.3 Thresholding function

Thresholding functions can be categorized into
two primary types: hard thresholding (HT), in which
each value is assessed in comparison to a defined
threshold and any value lower than this threshold is
changed with a value of zero, and soft thresholding
(ST), where coefficients exceeding the threshold are
adjusted by subtracting the threshold from them. ST
produces more visually appealing images than HT, as
the latter tends to be discontinuous and results in
abrupt artifacts in the restored images, particularly
when the noise energy is substantial. The ST function
is defined as follows:

s7(x) = sgn(x) . max(|x| - T, 0) (12)

where 7'is the threshold.

The Bayesian shrinkage rule, proposed by Chang
et al. [33], is a technique that suggests an adaptively
determined threshold based on the value of the
coefficients in each detail (HF) subband. The
threshold is calculated using Eq. (13).

r="2 (13)

Oy

where o7 is the noise variance and o, is the standard
deviation of the original image.

A robust median estimator is employed to
estimate the noise variance (¢2) from the HF subband
at the first level of decomposition of the noisy image
(Xi(u,v)).

_ [mediani v ®
”rzt_[ 0.6745 ] (19

The variance of a noisy image (o2) can be
expressed using the following equation:

R-d+a a3

Therefore, Eq. (16) can be used to calculate o,.
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0, =+ max(c3 - o3, 0) (16)
1

or= Xl X7 (17)

where ¢ is the total number of subband coefficients of
the noisy image X.

The Bayesian shrinkage rule is further enhanced
by employing the residual image with bilateral
filtering [17]. The residual image (7)) can be denoted
as follows:

I = Xy - S (18)

where x; and s; are the speckled image and the
despeckled image, respectively. Eq. (18) can be
expressed in another form as follows:

0(xy) = fsi + fory (19)

where f; and f> represent the optimized weights aimed
at achieving optimal results.

Once the value of 7 from Eq. (18) is substituted
into Eq. (19), Eq. (20) can be written as follows:

0(xi) = (fi — )8 + HHx (20)

Let g1=(fi—f2), &2= /3, Sk1 = Sk, and s> - xx. Hence,
Eq. (20) will be reformulated as Eq. (21) below.

Q(Xk) :g15k1+g25k2 (21)

where g1 and g» should be linear.

The weight values, g1 and g», are determined by
assessing spatial proximity and variations in intensity
values. Consider the pixel at (u1,vi) be required to
despeckle its surrounding pixels, one of which is
located at (u2,v2). Consequently, the weight value can
be approximated utilizing the range and Gaussian
kernels as demonstrated in Eq. (22).

2 2
(i-1)" + (1= v2)” I, vi) = xe(uag, )12 )
205 202

g=exp(—
(22)

where oy is the spatial standard deviation, o, is the
range standard deviation, and x; (u1,v1) and xx (u2,v2)
are the pixel intensities at (ui,vi) and (u2,2)
respectively.

A new thresholding shrinkage rule, as determined
in Eq. (23), is suggested based on the linear function
outlined in Eq. (20) [17].
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0 if O(x,) <0

O0xi) = { O(xy) Otherwise (23)

2.4 Proposed algorithm

The overall workflow of the proposed ultrasound
image despeckling algorithm is illustrated in Fig. 1.
In this study, 130 images were randomly selected
from three publicly available and clinically validated
datasets: the Digital Database for Thyroid Images
(DDTI) [34], the Breast Ultrasound Images Dataset
[35], and the Maternal—Fetal Ultrasound Dataset [36].
These datasets encompass diverse imaging systems
and various noise levels. The tested images have
spatial resolutions ranging from 560 % 360 to 1495 x
787 pixels. All datasets were curated and annotated
by certified medical experts. To preprocess the input,
a logarithmic transform was applied to convert the
multiplicative characteristics of speckle noise into an
additive form. Afterward, the NSST was employed
with three decomposition levels and eight shearing
directions per level, producing one low-frequency
(LF) subband and three high-frequency (HF)
subbands.

The GDGF was used to suppress noise in the LF
subband. It was selected due to its exceptional edge-
preserving capabilities, which make it highly
appropriate for the LF subband that stores the global
structure of the image. Additionally, the GDGF has
low computational complexity. We used the LF
image as both the guidance image and the input image
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to blur when 7 exceeds 10. Meanwhile, the
regularization parameter (1) was set to 0.05. This
value was chosen as a moderate option because it
does not significantly affect image quality.To
improve the detailed features in the output image of
the GDGF, the difference image and the scale
coefficient are required as per Eq. (11). The
difference image was derived by subtracting the
output image of the GDGF (filtered LF image) from
the input (LF) image. The MLV operator was added
to measure the maximum change in the local region
of the input image, thereby enhancing the image’s
contrast and sharpening the local details without
amplifying the noise or changing the mean brightness
level.

The MLV was determined by calculating the
variation between the value of a center pixel inside
the local region and its eight adjacent pixels as
described in Eq. (24). The normalized maximum
value of these variations serves as the weight for the
difference image. Therefore, we proposed a new
enhanced version of gradient domain guided filtering
as outlined in Eq. (25).

V(uv) = max {|X(u-1,v-1)-Xuv)],
|X(u-1,v) - X(u,v)],

I X(u-1,v+1)-Xuv),

1X(u, v-1) - X(u,v)],

[X(u, v+1)-Xv),

I X(u+1,v-1)-Xuv),

|X(u + 1’ V) - X(U,V)l,

for the GDGF. This was done with the assumption IX(u+1,v+1) - X(uv)l} (24)
that most of the noise has been handled in the HF
subbands. The radius (r) of the local window in the Hy=2,+ cV(uy) (X, ) Z ) (25)
GDGF was set at 10, as finer features in the image are . )
effectively retained at this value, whereas they begin ~ Where V(u,) is the MLV at pixel (u,v).
New Enhanced
LE GDGF
Noisy |, Loz |, NSLP | | Inverse | Exp o Denoised
image transform decomposition SF directional NSST transform image
B ... [ Thresholding H
decomposition
HF N SF directional
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Figure. 1 The proposed ultrasound image despeckling algorithm
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To reduce noise in the HF subbands, soft
thresholding with a threshold value determined by the
Bayesian shrinkage rule was employed. The residual
image with a bilateral filter approach was used to
improve the Bayesian shrinkage rule. The local
regions in the HF images were weighted according to
their spatial proximity and intensity value differences.
To calculate the weight values using Eq. (22), we
assigned the spatial standard deviation (od) a value of
2, while or was determined based on the local
variance of the image. The weight values were
subsequently applied in Eq. (21). The results of the
thresholding process in the HF subbands were
derived using Eq. (23). Furthermore, the inverse
NSST was applied, followed by exponential
transform, to obtain a despeckled image.

The effectiveness of the proposed method was
evaluated in comparison with several NSST-based
approaches, including NSST with a weighted
bilateral filter (WBF) and hard thresholding [16],
NSST with a GF and an improved threshold function
[21], NSST with MSRAD and hard thresholding [22],
and NSST with enhanced GDGF [37]. Quantitative
evaluation metrics were employed to assess the
performance of the proposed method. The metrics
included equivalent number of looks (ENL), mean
preservation speckle suppression index (MPSSI),
edge preservation index (EPI), average gradient (AG),
average local contrast (ALC), and natural image
quality evaluator (NIQE).

2.5 Performance evaluation of image despeckling
techniques

2.5.1. Equivalent number of looks

ENL serves as a quantitative measure of the level
of noise present in an image.

mean(F)> _ F2

ENL = =50k =

(26)

where Fis the filtered image. An increase in the ENL
value of the filter correlates with enhanced efficiency
in elevating the signal to noise ratio (SNR) within a
homogeneous region [38].

2.5.2. Mean preservation speckle suppression index

The MPSSI is defined as follows:

ZE (27)

97

MPSSI= ‘1- &

1574

where ur and uy represent the mean values, whereas
or and oy denote the standard deviations of filtered
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image and speckled image, respectively. Lower
MPSSI values signify enhanced filter performance on
mean preservation and noise reduction, regardless of
the actual mean value [38].

2.5.3. Edge preservation index

The capacity of image denoising techniques to
preserve the edges of objects in the image is
calculated using Eq. (28).

EPI= [(As - As, As-As)

——— (28)
Jr(As -As, As-As) . T(As - As, As - As)

where s represents the noise-free image, § denotes the
denoised image, and As and As are the HF filtered
versions of s and §, respectively, which are obtained
through the application of the Laplacian operator [39].

2.5.4. Average gradient

AG denotes the degree of sharpness and clarity,
which can be assessed using Eq. (29).

AG=
1
T A R y) = A L) (A, v)—fu,v+1)?)2

mn

(29)

where f(u,v) is the pixel intensity, and m and n
represent the number of rows and columns in the
image, respectively [40].

2.5.5. Average local contrast

The ALC is derived by computing the mean of the
local contrast, defined as follows:

2
= %

fuM/

ALC (30)

where 6@ represents the local variance of intensity
and ., denotes the local mean of intensity [40].

2.5.6. Natural image quality evaluator

NIQE assesses the quality of an image without a
reference by contrasting it with a standard model
derived from images depicting natural scenes that
exhibit minimal or no noticeable distortion. A lower
score signifies enhanced perceptual quality [41].

3. Results and discussion

In this work, the NSST with a new enhanced
GDGF and bilateral filtering-based modified
thresholding (NSST+eGDGF+MLV) was applied to
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medical ultrasound images. The performance of the
method was compared to several NSST-based
approaches to ensure a fair and consistent
performance comparison under similar processing
conditions. The comparative methods included NSST
with a WBF and hard thresholding (NSST+WBF)
[16], NSST with a GF and an improved threshold
function (NSST+GF) [21], NSST with MSRAD and
hard thresholding (NSST+MSRAD) [22], and NSST
with enhanced GDGF (NSST+eGDGF) [37]. We also
compared the proposed method to the NSST with an
enhanced GDGF without adding the MLV operator
(NSST+eGDGF). Fig. 2 and Table 2 display the
results of the despeckling process on a thyroid
ultrasound image.

Fig. 2(a) shows a noisy thyroid ultrasound image
with an AG value of 16.9510 and an ALC value of
2.6023. Fig. 2(b) and Table 2 show that NSST+WBF
mitigated speckle noise effectively. This performance
is reflected by its high ENL value of 3.583. The
homogeneous areas in Fig. 2(b) exhibit a degree of
smoothness, although some residual noise is still
perceptible. NSST+WBEF attained the lowest MPSSI
value of 0.002, indicating excellent mean
preservation. A high EPI value of 0.954 signifies that
the edges remain preserved with no new edges
introduced. The elevated AG and ALC values, 14.835
and 2.091, respectively, suggest that the image
exhibits commendable sharpness and contrast.
However, they also imply the presence of some
residual noise. The poor NIQE score of 15.563 is due
to textures that appear unnatural to human vision.

NSST+GF demonstrated a significant reduction
in speckle noise, as illustrated in Fig. 2(c), alongside
the highest ENL value of 4.704 presented in Table 2.
Nonetheless, this method resulted in image blurring
due to over-smoothing, as evidenced by the lowest
AG and ALC values of 5.738 and 0.347, respectively.
The NIQE score of 10.824 is poor due to excessive
smoothness in the image. However, the outlines of
important structures are still apparent, leading to an
elevated EPI value of 0.941. The mean preservation
is also quite satisfactory, resulting in a relatively low
MPSSI value of 0.009.

NSST+MSRAD exhibited suboptimal speckle
reduction, as shown in Fig. 2(d) and by its low ENL
value of 2.607 in Table 2. It also introduced a
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noticeable brightness alteration, resulting in an
MPSSI score of 14.844, which is the poorest among
all methods evaluated. Nevertheless, the despeckled
image exhibits strong contrast and sharpness, as
indicated by the AG and ALC values of 34.775 and
3.488, respectively. Additionally, it presents a
smooth appearance, as demonstrated by its
comparatively low NIQE score of 8.637. The edge
quality is maintained at an excellent level, with
NSST+MSRAD reaching the highest EPI value of
0.984.

NSST+eGDGF produced a despeckled image, as
shown in Fig. 2(e). This image exhibits significant
changes in the mean of pixel intensities, as indicated
by the MPSSI value of 0.016 in Table 2. The
homogenous regions demonstrate inadequate
cleanliness due to speckle noise, with a granular

Figure. 2 The results of the despeckling of a thyroid
ultrasound image: (a) Noisy image, (b) NSST+WBF [17],
(c) NSST+GF [22], (d) NSST+MSRAD [23], (e)
NSST+eGDGEF [37], and (f) NSST+eGDGF+MLV

Table 2. Comparison of the despeckling performance of different methods applied to a thyroid ultrasound image

Method ENL(T) | MPSSI({) | EPI() AG (1) ALC (1) | NIQE ()
NSST+WBF 3.583 0.002 0.954 14.835 2.091 15.563
NSST+GF 4.704 0.009 0.941 5.738 0.347 10.824
NSST+MSRAD 2.607 14.844 0.984 34.775 3.488 8.637
NSST+eGDGF 2.479 0.016 0.937 11.602 1.674 9.032
NSST+eGDGF+MLV 3.489 0.003 0.942 9.992 1.234 8.477
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texture still being prominent. The lowest ENL value
of 2.479 also indicates this. The remaining noise
leads to elevated AG and ALC values of 11.602 and
1.674, respectively. The presence of unwanted edges
deteriorates the texture and results in the lowest EPI
value 0f 0.937. A relatively high NIQE value 0 9.032
indicates poor perceptual quality.

NSST+eGDGF+MLV  effectively  reduced
speckle noise while maintaining edges and fine
details, as demonstrated in Fig. 2(f). The elevated
ENL value of 3.489 presented in Table 2 proves this
assertion. The EPI remains high at 0.942, confirming
that edge quality is well preserved, although noise
suppression causes a slight weakening of edge
strength. Simultaneously, this method preserved the
average of pixel intensities, resulting in a favorable
MPSSI of 0.003. It also provided good contrast and
sharpness, as demonstrated by its AG and ALC
values. The despeckled image exhibits a smooth,
visually pleasing texture, as evidenced by the best
NIQE score of 8.477.

Fig. 3(a) shows a noisy breast ultrasound image
with an AG value of 6.8682 and an ALC value of
0.4971. In Fig. 3(b), residual noise remains
perceptible because the speckle noise reduction by
NSST+WBF is inadequate. Fig. 3(c) shows that
speckle noise is successfully removed by NSST+GF;
however, the image becomes blurry due to over-
smoothing. NSST+MSRAD demonstrates significant
efficacy in reducing speckle noise, resulting in a clear
image with enhanced contrast, as observed in Fig.
3(d). The despeckled image in Fig. 3(e), produced
using NSST+eGDGF, exhibits strong contrast.
Nevertheless, it is affected by considerable residual
noise and diminished perceptual quality. Meanwhile,
Fig. 3(f) illustrates the effectiveness of
NSST+eGDGF+MLYV in eliminating speckle noise
and keeping edges and fine details while also
providing excellent contrast.

Table 3 provides more details on the performance
of the despeckling methods used to generate the
images in Fig. 3. NSST+WBF produced an image
with the lowest MPSSI value of 0.001. This results
from minimal change in average pixel intensity
compared to the input image. Important structures
and image sharpness are preserved, as indicated by
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the high EPI, AG, and ALC values of 0.953, 6.153,
and 0.428, respectively. Nevertheless, high AG and
ALC values may also result from residual noise. The
presence of residual noise leads to poor perceptual
quality, as indicated by the highest NIQE value of
8.730.

NSST+GF exhibited remarkable noise reduction.
This is evidenced by the highest ENL value of 2.351.
However, the despeckled image displays a lack of
clarity due to excessive smoothing.

(e) ()

Figure. 3 The results of the despeckling of a breast
ultrasound image: (a) Noisy image, (b) NSST+WBF [17],
(c) NSST+GF [22], (d) NSST+MSRAD [23], (e)
NSST+eGDGF [37], and (f) NSST+eGDGF+MLV

Table 3. Comparison of the despeckling performance of different methods applied to a breast ultrasound image

Method ENL(T) | mpPsSid) | EPI(D) AG (D) ALC (D) | NIQE ()
NSST+WBF 2.238 0.001 0.953 6.153 0.428 8.730
NSST+GF 2.351 0.003 0.897 2.536 0.084 6.772
NSST+MSRAD 1.995 2.324 0.994 9.470 0.512 5.786
NSST+eGDGF 2.037 0.005 0.884 6.039 0.489 6.401
NSST+eGDGF+MLV 2.242 0.001 0.894 4.442 0.310 5.746
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This leads to reduced sharpness and contrast, as
indicated by the lowest AG and ALC values of 2.536
and 0.084,respectively. Fig. 3(d) highlights the
notable speckle reduction by NSST+MSRAD. The
preservation of important structures is remarkable, as
indicated by the highest EPI value of 0.994. Image
contrast and sharpness are excellent, as indicated by
the highest AG and ALC values of 9.470 and 0.512,
respectively. Nevertheless, the enhancement of
contrast levels results in higher variance. This leads
to the lowest ENL value of 1.995 and the poorest
MPSSI value of 2.324.

Based on Table 3, NSST+eGDGF shows limited
speckle suppression with a low ENL of 2.037, despite
good contrast and sharpness (AG = 6.039, ALC =
0.489) that also indicate residual noise. The low EPI
value of 0.884 suggests additional edges in the
despeckled image. In contrast, NSST+eGDGF+MLV
effectively removes speckle noise with a higher ENL
of 2.242 while maintaining acceptable contrast,
sharpness, and detail (AG =4.442, ALC=0.310, EPI
= 0.894), achieving excellent visual quality with a
NIQE value of 5.746.

Fig. 4 and Table 4 display the results of applying
various despeckling methods to a fetal brain
ultrasound image. Fig. 4(a) shows a noisy fetal brain
ultrasound image with an AG value of 5.4136 and an
ALC value of 2.5472. The despeckled image in Fig.
4(b) achieves the lowest MPSSI value of 0.003 and a
high EPI value of 0.999. These values demonstrate
the effectiveness of NSST+WBF in maintaining both
the average pixel intensity and important structures
from the input (noisy) image. Elevated AG and ALC
values of 5.258 and 2.369, respectively, indicate the
presence of residual noise. It negatively affects visual
quality, as confirmed by a poor NIQE value of 4.163.
Despite this, NSST+WBF provides a favorable ENL
value of 0.782, reflecting low variance and minimal
pixel fluctuation in homogeneous regions.
Meanwhile, the best ENL value of 1.019 in Table 4
denotes that NSST+GF efficiently eliminates speckle
noise in the fetal brain ultrasound image.
Nevertheless, the despeckled image appears blurry,
as demonstrated in Fig. 4(c) and as indicated by the
lowest AG and ALC values of 2.686 and 0.540,
respectively.
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NSST+MSRAD demonstrates remarkable edge
preservation capabilities, as evidenced by the very
high EPI value of 0.999. The despeckled image in Fig.
4(d) exhibits relatively high contrast and sharpness.
These characteristics result in increased image
variance, as indicated by the poorest MPSSI value
and a low ENL value. However, strong edges and a
low noise level contribute to achieving the best NIQE
value of 3.727. Meanwhile, the application of
NSST+eGDGF and NSST+eGDGF+MLV to the
ultrasound image of the fetal brain generated
despeckled images that exhibit the same
characteristics as despeckled ultrasound images of
the thyroid and breast. Speckle noise remains
prominently visible in the image produced by
NSST+eGDGF, as shown in Fig. 4(e). Strong
contrast and many extraneous structures in the
despeckled images result in suboptimal visual quality.

Figure. 4 The results of the despeckling of a fetal brain
ultrasound image: (a) Noisy image, (b) NSST+WBF [17],
(c) NSST+GF [22], (d) NSST+MSRAD [23], (e)
NSST+eGDGEF [37], and (f) NSST+eGDGF+MLV

Table 4. Comparison of the despeckling performance of different methods applied to a fetal brain ultrasound image

Method ENL () | MpPSSI(V) | EPI(D) AG (D) ALC (D) | NIQE ()
NSST+WBF 0.782 0.003 0.999 5.258 2.369 4.163
NSST+GF 1.019 0.015 0.967 2.686 0.540 3.964
NSST+MSRAD 0.736 0.080 0.999 5.281 2.648 3.727
NSST+eGDGF 0.557 0.030 0.957 6.586 3.121 4317
NSST+eGDGF+MLV 0.773 0.008 0.960 4.625 2.303 3.909
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In contrast, NSST+eGDGF+MLV effectively
reduces speckle noise while preserving edges and
fine details. The contrast is sufficiently high to ensure
good visual quality, as demonstrated in Fig. 4(f) and
Table 4.

To further evaluate the contribution of each
component in the proposed framework—namely, the
eGDGF+MLYV component in the LF subband and the
improved thresholding shrinkage rule in the HF
subbands—an ablation study was conducted. Table 5
summarizes the mean gain for six evaluation metrics.
The gain of the eGDGF+MLV component was
calculated by comparing the metric values of
NSST+eGDGF+MLV+soft_thresholding with the
baseline (NSST+soft_thresholding) to determine its
effect on the overall performance. Meanwhile, the
gain of the improved thresholding shrinkage rule was
obtained by comparing
NSST+improved thresholding with the baseline to
evaluate the impact of the enhanced thresholding
function. The p-value was obtained using the
Wilcoxon signed-rank test with a significance level
of 0.<0.05 to assess the statistical significance of gain
differences.

The analysis demonstrates that the improved
thresholding shrinkage rule (H) plays a significantly
greater role in improving NIQE compared to
eGDGF+MLV (L). The mean gain of H (0.6106)
exceeds that of L (0.2918) by about 0.3188 with p-
value = 0.000414, confirming that H is the main
contributor to perceptual quality enhancement.
Conversely, L dominates in ENL, achieving a gain
more than three times higher than H (0.01406 vs
0.00454; p-value = 0.000848), which establishes L as
the primary factor in noise reduction and image
smoothness improvement.

For MPSSI, H exhibits superior performance by
producing a smaller increase compared to L
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(—0.00033 vs —0.00520; p-value = 1.10x107),
suggesting that H better preserves brightness
consistency while suppressing speckle noise. In
contrast, the AG analysis shows that L better
preserves edge sharpness (—0.0288 vs —1.0645; p-
value = 1.08x107°), while in ALC, L maintains
natural contrast (+0.014 vs —0.175; p-value =
3.37%107®). Similarly, the EPI analysis indicates that
L is the key contributor to edge preservation (—0.0014
vs —0.0484; p-value = 1.10x107°), confirming that it
effectively retains structural integrity.

Overall, the ablation study confirms that the L
component contributes more effectively to metrics
emphasizing structural preservation, contrast stability,
and edge sharpness (ENL, AG, ALC, and EPI),
whereas the H component excels in perceptual
quality and denoising-oriented metrics (NIQE and
MPSSI). Their integration provides a balanced and
complementary improvement, combining the noise-
suppressing capability of H with the edge- and
contrast-preserving characteristics of L. Designed to
operate synergistically, both components strengthen
the denoising process without compromising
structural fidelity, thereby achieving an optimal
trade-off between speckle suppression and detail
preservation.

Based on Table 6, NSST+eGDGF+MLV
achieved the best overall position for the NIQE
metric (1.5077), indicating the highest perceptual
quality among all compared methods. This finding is
reinforced by the Wilcoxon test results in Table 7,
which show p < 107 against all existing approaches
(NSST+WBF, NSST+GF, NSST+MSRAD, and
NSST+eGDGF), with a positive decision (“+”) in
every pairwise comparison. These results confirm
that the perceptual quality improvements obtained by
NSST+eGDGF+MLYV are statistically significant.

Table 5. Average Gains for eEGDGF+MLYV (L) and Improved Thresholding Shrinkage Rule (H)

NIQE ENL MPSSI AG ALC EPI
Gain L 0.2918 0.0141 -0.0052 -0.0288 0.0141 -0.0014
Gain H 0.6106 0.0045 -0.0003 -1.0645 -0.1748 -0.0484
Gain difference 0.3188 0.0095 0.0049 1.0358 0.1889 0.0470
p-value 0.000414 0.000848 1.10E-05 1.08E-05 3.37E-05 1.10E-05
Table 6. Average Ranks
NIQE ENL MPSSI AG ALC EPI

NSST+WBF 4.4615 2.2308 1.1769 2.4077 3.0846 1.5154

NSST.GF 2.4923 1.0231 2.9846 4.9846 4.9923 3.0538

NSST.MSRAD 3.1231 3.9077 4.6308 2.3385 1.8846 1.5077

NSST.eGDGF 3.4154 4.9538 4.2000 1.3077 1.3231 4.9615

NSST.eGDGFMLV 1.5077 2.8846 2.0077 3.9615 3.7154 3.9615

Note: Bold values indicate the best rank, while italic values denote the worst rank.
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Table 7. Wilcoxon signed-rank test results

Algorithm NIQE | ENL MPSSI | AG ALC EPI

£ p-value | Dec. | p-value | Dec. |p-value| Dec. | p-value |Dec. |p-value | Dec. | p-value Dec.
NSST+eGDGF+MLV
versus NSST+WBF 47E-22| + |2.7E-13 1.1E-17 4.5E-22 7.9E-15 4.5E-22
NSST+eGDGF+MLV
versus NSSTAGF 23E-12| + |4.5E-22 7.6B-17| + |45E-22| + [4.5E-22| + |[3.5E-20
NSST+eGDGF+MLV
versus 29E-14| + |7.6E-17| + |45E-22| + |1.7E-21| - |1.7B-19| — |4.4E-21| —
NSST+MSRAD
NSST+eGDGF+MLV
versus 4.0B-20| + |4.5BE-22| + |4.5E-22| + |45B-22| - |[2.6E-21| - |6.3E-22| +
NSST+eGDGF

For ENL, Table 6 shows that Although some competing methods exhibit

NSST+eGDGF+MLYV achieved an average rank of
2.8846, outperforming NSST+MSRAD (3.9077) and
NSST+eGDGF (4.9538), with p-value < 7.6x107".
Similarly, for MPSSI, NSST+eGDGF+MLV
(2.0077) ranked better than NSST+GF (2.9846),
NSST+MSRAD (4.6308), and NSST+eGDGF
(4.2000), with p-value <7.6x107'7 as shown in Table
7. These findings indicate that NSST+eGDGF+MLV
effectively  suppresses speckle noise while
maintaining the mean intensity of the image,
achieving a balanced trade-off between smoothness
and structural fidelity.

Regarding the AG metric, Table 6 shows that
NSST+eGDGF+MLV obtained an average rank of
3.9615, superior to NSST+GF (4.9846) with a p-
value of 4.5x102?, confirming a statistically
significant difference. Although some methods with
higher AG ranks may appear sharper, this sharpness
often results from residual noise that amplifies false
gradients. Therefore, the moderate AG value
achieved by NSST+eGDGF+MLYV reflects effective
noise reduction without producing blurred or over-
smoothed edges.

A similar trend is observed in ALC, where
NSST+eGDGF+MLV achieved an average rank of
3.7154, outperforming NSST+GF (4.9923), with a p-
value of 4.5x107%2. This result confirms that the
proposed method maintains local contrast at an
optimal level—avoiding intensity exaggeration or
flattened textures. With a moderate ALC,
NSST+eGDGF+MLV  produces clean, naturally
contrasted images that preserve structural integrity
while minimizing residual noise. For EPI,
NSST+eGDGF+MLV achieved an average rank of
3.96 and showed a significant improvement over
NSST+eGDGF (4.9615; p-value = 6.3x107%),
highlighting that the MLV stage in low-frequency
subbands enhances edge continuity and structural
consistency.

International Journal of Intelligent Engineering and Systems, Vol.18, No.11, 2025

localized superiority in one or two metrics,
NSST+eGDGF+MLV never ranks lowest in any
evaluation metric, as shown in Table 6. This
consistency confirms that the proposed method
effectively avoids the extremes of over-smoothing
and over-sharpening. The improved thresholding
shrinkage rule contributes to enhanced perceptual
quality through adaptive shrinkage behavior, while
the eGDGF+MLV component preserves edge
sharpness, contrast, and structural integrity. The
synergy between these components yields
statistically significant and balanced improvements
across all quantitative metrics, surpassing prior
approaches such as NSST+WBF, NSST+GF, and
NSST+MSRAD.

The novelty of NSST+eGDGF+MLYV lies in the
integration of an edge-aware, contrast-preserving
filter (¢GDGF) with the Maximum Local Variation
(MLV) operator to enhance local contrast and
structural sharpness in low-frequency subbands.
Meanwhile, the improved thresholding shrinkage
rule is applied in high-frequency subbands to achieve

adaptive speckle suppression and perceptual
enhancement. This cooperative design enables
effective noise reduction without sacrificing

structural and perceptual fidelity, as validated by the
ablation findings in Table 5 and the comparative
results in Tables 6 and 7.

In order to assess the computational efficiency of
the proposed framework, an analysis of runtime and
memory usage was conducted. All experiments were
conducted on a computer equipped with an Intel Core
15-5200U CPU (2.20 GHz) and RAM 8 GB, running
Windows 10 (64-bit) with MATLAB R2017b. The
performance is presented as a range rather than an
average value due to the variation in resolution of the
test images, which spans from 560x360 to 1495x787
pixels. The runtime of the proposed method varied
between 41.13 s and 243.65 s, while memory usage
ranged from 260 MB to 1.92 GB. These values are
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higher than those of the comparative methods, which
can be attributed to the additional computational load
introduced by the improved thresholding shrinkage
rule. Despite the longer runtime, the resulting
denoised images exhibit noticeably better NIQE
scores, confirming that the method achieves superior
perceptual quality and visual fidelity compared with
the comparative approaches.

4. Conclusion

In this paper, a new ultrasound image despeckling
algorithm has been proposed by combining the NSST,
an enhanced gradient-domain guided filter (¢GDGF)
augmented with a minimum local variance (MLV)
operator, and an improved thresholding shrinkage
rule. The NSST employed three decomposition levels
with eight shearing orientations per level to
decompose the input image into one LF subband and
three HF subbands. The new eGDGF+MLV was
applied to the LF subband to eliminate residual noise
and enhance image contrast and sharpness.
Meanwhile, noise in the HF subbands was reduced
using an improved shrinkage rule derived from the
residual image weighted by a bilateral filter.

Experimental results demonstrate that the
proposed NSST+eGDGF+MLV method achieves
well-balanced  despeckling  performance by
effectively avoiding both over-smoothing and over-
sharpening. Through the integration of the
eGDGF+MLYV component for edge-aware, contrast-
preserving enhancement and the improved
thresholding shrinkage rule for adaptive speckle
suppression, the algorithm delivers optimal noise
reduction while maintaining structural details and
enhancing the overall visual quality across ultrasound
images with varying noise levels.
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