Electronics & Automation

Improving the quality of deep-tissue elastography imaging: A Kelvin—Voigt
model-based and multi-point denoising approach

Nguyen Sy Hiep!?, Luong Quang Hai®, Tran Duc Tan®,
Pham Van Tang’, Tran Duc Nghia®*

!Graduate University of Science and Technology, Vietham Academy of Science and Technology, 18 Hoang
Quoc Viet, Nghia Do, Hanoi, Vietnam;

’Thai Nguyen University of Information and Communication Technology, Z115 Street, Quyet Thang, Thai
Nguyen, Vietnam;

3Department of Biomedical Engineering, Le Quy Don Technical University, 236 Hoang Quoc Viet, Nghia
Do, Hanoi, Vietnam;

“Faculty of Electrical and Electronic Engineering, Phenikaa School of Engineering, Phenikaa University,
Nguyen Trac, Duong Noi,Hanoi, Vietnam;

SFaculty of Basic Sciences, Military Logistics Academy, Bo De, Hanoi, Vietnam;

SInstitute of Information Technology, Vietnam Academy of Science and Technology, 18 Hoang Quoc Viet,
Nghia Do, Hanoi, Vietnam.

*Corresponding author: nghiatd@joit.ac.vn

Received 17 Oct. 2025; Revised 06 Feb. 2026, Accepted 10 Apr. 2026, Published 25 Apr. 2026.

DOI: https://doi.org/10.54939/1859-1043.j.mst.110.2026.34-44

ABSTRACT

Tissue stiffness has been recognized as an important indicator of pathological conditions.
Ultrasound elastography, which relies on the mechanical stiffness properties of tissue, has proven
effective in diagnosing various Malignant conditions like breast cancer, thyroid disorders,
prostate abnormalities. With advantages including speed, low cost, non-invasiveness, and
reliability, elastography has gained significant attention and is now widely applied in clinical
diagnostics. However, this technique faces challenges in deep tissue regions, where increased
noise and shear wave attenuation lead to degraded image quality and reduced diagnostic
accuracy. To address these limitations, this study proposes an integrated approach combining
LMS filtering, median filtering, and enhanced multi-source excitation to improve the signal-to-
noise ratio (SNR) and enhance image quality in deep tissues. The effectiveness of the proposed
method is evaluated using RMSE and Q-index metrics, demonstrating significant noise reduction
and improved diagnostic reliability.
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1. INTRODUCTION

Cancer is one of the most serious health issues today, placing a heavy burden on families and
society due to high treatment costs and high mortality rates [ 1-3]. According to the Global Cancer
Report 2022 from the International Agency for Research on Cancer (IARC), there were about 20
million new cancer cases and 10 million deaths worldwide [4]. In the same year, Vietnam recorded
approximately 182,000 new cases and 120,000 deaths from cancer. Research has shown that early
detection can significantly improve survival rates and reduce treatment costs [5—7]. Early diagnosis
through routine health screenings plays a critical role in improving the effectiveness of cancer
treatment. However, more than half of cancer patients are still detected only when the disease has
progressed to an advanced stage. Early diagnosis through routine health screenings plays a critical
role in improving the effectiveness of cancer treatment. However, more than half of cancer patients
are still detected only when the disease has progressed to an advanced stage [8]. The main reasons
include high screening costs (such as SPECT or PET-CT), long scanning times (MRI), or worries
about radiation exposure (X-ray, CT). Because of these limitations, tissue elastography ultrasound
has gained increasing attention. It’s a non-invasive, affordable, safe, and fast imaging technique
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with high diagnostic accuracy [9-10]. In a study by Youssef Ahmed Youssef Selim et al. [11],
involving 6,200 lesions (45% benign and 55% malignant), elastography achieved 90% sensitivity,
86% specificity, and an AUC of 0.92, confirming its strong effectiveness in cancer diagnosis.
Elastography imaging faces challenges such as noise interference and signal loss in deep tissues,
which reduce image quality and diagnostic accuracy. Improving image quality remains a key focus
of current research.

In a study by Muhammad Nasir Khan et al. [12], several filters — including median, mean, and
Lee filters — were applied to ultrasound images of soft tissue to remove speckle noise. RMSE and
PSNR were used to evaluate performance. However, this study did not address other random noise
sources that also affect image quality.

According to J. Civale et al. [13], high frequencies (500—1000 Hz) can provide higher-quality
elastography images due to their better spatial resolution; however, as the frequency increases, the
attenuation of shear waves also becomes higher, causing significant energy attenuation and
reduced image quality in deeper tissues [14-15]. In contrast, lower frequencies allow shear waves
to propagate deeper into the tissue because of slower energy attenuation, but they decrease the
spatial resolution and sharpness of the elastography images [16]

Recently, Abbassian Ardakani ef al. [17] introduced a deep learning—based filter named
AdaRes, which uses adaptive residual learning to reduce speckle and Gaussian noise in ultrasound
images. The results showed that AdaRes could effectively remove different types of noise without
changing the tissue structure, while keeping important image features and improving tumor
classification accuracy (the median AUC increased from 0.494 to 0.702). However, like many
deep learning approaches, this method needs large and diverse training datasets as well as high
computing power, which makes it difficult to use in real-time clinical applications.

In another study, Max Denis ef al. [18] CUSE - a shear elastography method that utilizes a
comb-shaped acoustic radiation force to generate multiple shear waves within a single scan - was
used, which uses a comb-shaped acoustic radiation pattern to generate shear waves in a single scan.
This method provides fast imaging and high accuracy, but it’s only suitable for moderate depths -
its accuracy decreases for deeper tissues.

This study enhances deep-tissue elastography by combining multi-point excitation with
adaptive noise filtering. Two excitation points are activated sequentially to avoid interference or
resonance noise, improving image quality and diagnostic reliability. Quantitative evaluation using
RMSE and Q-index shows reduced noise and more consistent diagnostic results. RMSE measures
numerical accuracy, while Q-index evaluates structural and contrast preservation. Together, these
metrics confirm that the method reduces error while maintaining image fidelity, strengthening
overall reliability.

2. MATERIALS AND METHODS

2.1. Tissue stiffness
The stiffness of the tissue is determined by the following equation:

E=2 (1)

e

Where: s is the compressive stress (applied force per unit area), eis the strain (relative
deformation of the tissue), £ is the Young’s modulus, representing the tissue stiffness. Diseased
tissue is stiffer than healthy tissue, with malignant tumors much stiffer than benign ones.
Therefore, tissue stiffness is important for early cancer detection. Shear wave velocity (1-10 m/s)
mainly indicates tissue elasticity. Biological tissues have a density near 1000 kg/m?, and their
stiffness varies with tissue type and pathology. The relationship is given by the following equation:
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E=3Ac 2

where [ is the tissue density, ¢ is the shear wave velocity, and E is the elasticity.
2.2. Initialization and measurement of shear wave velocity

In this study, a vibrating needle was used to generate shear waves (Figure 1). This approach
allows accurate control of the target region and easy adjustment of vibration amplitude and
frequency to match tissue properties. When applied to the skin surface, the vibrations generate
shear waves that travel perpendicular to the needle motion. A Doppler ultrasound system then
measures the shear wave velocity to estimate tissue elasticity and viscosity.
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Figure 1. Shear wave generation using a vibrating needle.
Numerical simulation of shear wave propagation

The Finite-Difference Time-Domain (FDTD) method [19-21] was applied to simulate shear
wave propagation in space. This method offers advantages over traditional wave equation
approaches, as it can be applied to inhomogeneous media (e.g., tissues containing tumors). In this
study, the investigated tissue was assumed to be linear and isotropic, which is a common and
reasonable assumption for soft biological tissues under small deformations.The CSM, which
consists of elastic and viscous components, represents the properties of the tissue. The Kelvin-
Voigt model describes these viscoelastic characteristics and is expressed by equation (3).

M(x,y,a))za(x,y)—ia)ﬂ(x,y) (3)

a(x,y) represents the elastic component of the tissue, while £(x,y) represents the viscous component
of the tissue in the spatial domain (x,y). The relationship between shear wave speed and the
Complex Shear Modulus (CSM) is given in equations (4) - (6).

Ady, =00, +0,0,, 4
ato-zx = (a + ﬂat )6xvz (5)
ato-zy = (a + ﬂat )6yvz (6)

The terms vy and v, represent the particle velocity components along the x and y directions,
respectively, while o.. and oz, denote the corresponding components of the stress field. The
symbol A refers to the tissue density. The operator 6; denotes the partial derivative with respect
to time ¢, and Ox and 0, indicate the partial derivatives with respect to the spatial coordinates x
and y, respectively.
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Equations (7), (8) and (9) were derived by applying the Finite-Difference Time-Domain
(FDTD) method to equations (4), (5) and (6). where A and A, represent the spatial intervals
between consecutive positions along the x-axis and y-axis, respectively. A; denotes the sampling

period, i and j are the spatial indices along the x and y directions, and # is the time-step index.
2.3. System workflow

Figure 2 illustrates the workflow of the proposed data processing, detailing the filtering and
preprocessing steps implemented to suppress noise, improve SNR, and enhance the quality of
elasticity and viscosity images in deep tissue.

At psition 1 At psition 2
o N o JINRE
1

Measured signal

Estimated Elasticity
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L

Elasticity and
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Figure 2. The workflow.

The workflow consists of several steps (Figure 2): first, the shear wave velocity signals are
filtered using the LMS algorithm to remove random noise. The AHI algorithm is applied to
estimate the elasticity and viscosity maps from the filtered signals [19, 23]. The resulting images
are then processed with a median filter to reduce speckle noise [24]. Finally, the two images
obtained from excitation positions 1 and 2 are combined to produce a composite image that
represents the tissue’s elasticity and viscosity.

Particle velocity = ——————————————————

d (m) P

v(o)

Noise ———( —1—=| LMs
x(m)

Figure 3. Operation process of the least mean square filter.

Journal of Military Science and Technology, 110 (2026), 34-44 37



Electronics & Automation

LMS Filter
Gaussian noise v(n), which reduces image quality, was added to the ideal signal. The ideal
velocity d(n) at each spatial position was obtained from equations (4), (5), and (6). As illustrated
in Figure 3, the LMS filter effectively suppressed the influence of the Gaussian noise.
Algorithm 1: Noise reduction using the LMS filter
1) Parameter Initialization:
Select the step size x* define the filter length, and specify the noise variance.
2) Filter Initialization:
Set the initial filter coefficients to zero:
w(0)=0
3) Iterative Processing (for m=0,1,2,...):
a) Compute the filter output:
y(m)=w(m)x(m)
b) Compute the error between the desired and estimated signals:
e(m)=v:(m)=y(m)
c) Update the filter coefficients:
w(m+1)=w(m)+pe(m)x(m)
d) calculate the fltered signal by convolution
4) Repeat the above steps until the entire signal has been processed.
Estimation of Tissue Elasticity and Viscosity Using the AHI Algorithm
The AHI algorithm estimated the tissue’s elasticity and viscosity. based on the measured
particle velocity values of the shear waves. Elasticity and viscosity are estimated using the
equations presented in (10) and (11).

—A Osz( sV 0)
a(x,y)=R{ V?VZ (xj;’yw:; } (10)
_ _ﬂ’onz(xayawo)
pey )_I{ VI (x0.@) } )

V.(x, y, wg) was determined using the Fourier transform at the angular frequency w,. The
operator IZV.(x, y, wg) was computed using the discrete Laplace function, denoted as del2(V.(x, y,
wy)). This function provides a discrete approximation of the Laplacian when applied to Vi(x, y,@).
Median Filter

Speckle noise commonly reduces ultrasound image quality. To address this issue, a 3 x3 median
filter was used in this study to reduce noise within the region of interest. For each window, the
central pixel was replaced with the median value of the surrounding pixels. By applying this
procedure across the entire image, noise was minimized while key structural features were
protected.

Algorithm 2: Speckle noise reduction using a median filter

1) Obtain the dimensions of the input image (height and width).
2) Iterate over each pixel position (7,j) in the image:
Let i range from 2 to height—1
For each i, let j range from 2 to width—1
3) For each pixel, extract a 3 x3 neighborhood centered at (7,j) and store the intensity values.
4) Sort the collected values in ascending order.
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5) Replace the central pixel with the median value from the sorted list.
6) Repeat this procedure for all valid pixels to produce the noise-reduced image.

Simulation scenario

Shear wave propagation was modeled using the FDTD method with a 150 Hz excitation
frequency and a 6 mm oscillation amplitude. A 20 mm tumor was placed at the center, and the
ideal 2D elasticity and viscosity images are shown in Figure 4. The simulation was then repeated
under noisy conditions with an SNR of 29.

Table 1. tissue properties.

Tissue Type Viscosity (Pa's) Elasticity (Pa)
Pathological tissue 1.8 9000
Normal tissue tissue 1.2 6000

™

L) EL ® (a)% 50 60 70 10 E £ (b) 40 50 60 0

Figure 4. Ideal elasticity (a) and viscosity (b) images.
3. RESULTS AND DISCUSSION

Source at Position 1

The excitation source at position (40,0) generated shear waves that propagated rightward
toward the tumor, with amplitude decreasing as the waves moved farther from the source. Shear
wave velocity was then used to estimate tissue elasticity and viscosity via the AHI algorithm, after
applying LMS and median filters to the signals. The reconstructed 2D images show that the
tumor’s shape, size, and location closely match the ideal image. However, noise increases toward
the right side due to wave energy attenuation with distance (Figure 5).
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Figure 5. a) Shear wave velocity b) Elasticity and c) Viscosity images.

Figure 6 shows that the estimated elasticity and viscosity match the ideal values near the
excitation source. However, with increasing distance, the estimated curve fluctuates more and
deviates from the reference due to shear wave energy attenuation, which lowers the SNR in
deeper regions.
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Figure 6. Elasticity (a) and viscosity (b) profiles along line 40.
Source at Position 2

At position (40,80), the excitation source was placed to the right of the tumor, generating shear
waves that propagated leftward. Noise increased with distance from the source, causing a gradual
decline in image quality (Figure 7).
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Figure 7. a) Shear wave velocity b) Elasticity and c)Viscosity images.
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The 1D estimated elasticity and viscosity curves along line 40 (Figure 8) closely match the
ideal curves on the right side, near the excitation source. However, as the distance increases, the
estimated curves show stronger fluctuations and deviate further from the ideal ones.
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Figure 8. Elasticity (a) and viscosity (b) graphs along line 40.
Combination of Source 1 and Source 2

The combined-source 2D elasticity and viscosity images (Figure 9) show significantly less
noise than those reconstructed from each source individually.
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The combined 1D elasticity and viscosity graphs along line 40 (Figure 10) show improved
results, effectively reducing noise in regions far from the excitation sources.
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Figure 10. Combined elasticity (a) and viscosity (b) graphs.
Q-Index
To compare the similarity between two images, the Q-Index is employed, which takes into
account three visual perception factors: luminance, contrast, and structural information [26]. The

O-Index ranges from -1 to 1, where a value of 1 represents complete similarity between the images.
Let (1) be the ideal reference image of size (M x N), and (K) be the estimated image

0= 40Xy 1wy
" X = WZ ]ZI 1G,j) (13)
g M 1 4
y:M_ZZ KGD (4 o= 1;;001)—@0«11) » a9

Where x is the mean intensity of image / and y is the mean intensity of image K. o and ¢,”
represent the variance values of images (1) and (K), indicating their contrast and the degree of pixel
intensity variation. Higher contrast improves the ability to identify structural details and boundary
edges in the image.

Figure 11 illustrates the relationship between the Q-Index and SNR for the elasticity and
viscosity images. The blue, black, and red curves correspond to the combined image, source 2, and
source 1, respectively. A O-Index value closer to 1 reflects higher image similarity. As observed,
the blue curve remains the highest and nearest to 1, indicating that the combined image achieves a
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closer match to the ideal image compared to using each source individually.
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Figure 11. a) Elasticity Q-Index and b) Viscosity Q-Index.
RMSE (Root Mean Square Error)

A lower RMSE means the estimated image is closer to the ideal one. RMSE measures the
difference between the two images. In this formulation, (1) refers to the reference image, (K)
denotes the estimated image, and (M x N) specifies the image dimensions.

1 &E& . ..
RMSE:\/_ZZ[[(Z:])_K(Z:])]Z (16)
MN ==

As illustrated in figure 12, the RMSE values for the combined elasticity and viscosity
reconstructions (blue curves) are consistently lower than those derived from individual source
excitations, indicating improved estimation accuracy.
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Figure 12. a)Elasticity RMSE b) Viscosity RMSE.
4. CONCLUSIONS

Compared with study [27], this thesis significantly improves the quality of elasticity and
viscosity (CSM) images in deep tissue through advanced multi-stage noise suppression, dual-point
excitation, and quantitative evaluation. Unlike [27], which applies only LMS filtering for Gaussian
noise, the proposed framework effectively addresses speckle and structured noise while enhancing
the shear wave field to improve SNR. Although dual-point excitation increases processing time
compared to a single source, the overall simulation time remains acceptable (=3 minutes on a
personal computer and ~1 minute on MATLAB Online), and the superiority of the method is
confirmed by RMSE and Q-index. In future studies, we aim to improve elastography image quality
in deep and heterogeneous tissues using directional filtering and to extend the method to three-
dimensional imaging via shear wave velocity estimation in all spatial directions. The proposed
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approach will be validated using real patient data and diverse clinical datasets with qualitative
clinician assessment, while its diagnostic relevance and applicability to other organs and
anatomically complex structures will be evaluated.
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TOM TAT

KelvinVoigt — Kich thich da diém:
M0 hinh hiéu qua niang cao chat lwgng anh dan hoi trong mo sau

B citng mé la chi s6 quan trong cho biét tinh trang bénh Iy ciia co thé. Ky thudt Siéu
am dan hoi mé dwa trén ddc tinh co hoc ciia mé giup chan dodn nhiéu bénh nhu ung thu vu,
tuyén giap, tuyén tién liét, hidu qud voi wu diém nhanh, chi phi thdp, khéng xam lan va dang
tin ¢dy. véi nhitng wu diém trén, ky thudt siéu am dan hoi mé dang dwoc quan tam va siv
dung rong rai trong chan dodn lam sang. Tuy nhién, ki thudt ciing gap phai nhiing bt loi
khi nhiéu xudt hién nhiéu & nhitng viing mé sdu gay suy giam chat lwong anh va lam gidm
do chinh xdc chin dodn. Nghién ciu nay dé xuat tich hop loc LMS, loc trung vi va tang
cuwong nguon kich thich da vi tri nham cdi thién SNR va tang cuong chdt heong anh & viing
mo sdu. Hiéu qua cua phwong phdp dwoc danh gia qua hai chi so6 RMSE va Q-index, cho
thdy giam nhiéu ré rét va ndng cao do tin cdy trong chan dodn.

Tir khoa: Thuit toan AHI; Bo loc LMS; Anh dan hdi md; Loc trung vi; Kich thich da diém.

44 N. S. Hiep, ..., T. D. Nghia, “Improving the quality of ... multi-point denoising approach.”



