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Abstract. This paper addresses speckle noise reduction in ultrasound (EchoKG) imaging, which strongly
impacts diagnostic accuracy. An entropy-driven adaptive extension of the Perona—Malik anisotropic diffusion
model is proposed, where the diffusion coefficient is controlled locally using entropy and variance. This enables
stronger smoothing in homogeneous regions and reduced diffusion near edges and tissue boundaries, thus
preserving anatomical structures. Experiments on echocardiographic B-scan images show that the method
outperforms the classical Perona—Malik model by 3—4 dB in PSNR and 0.06 in SSIM, achieving a better balance
between noise suppression and edge retention. The results indicate that the proposed entropy-based adaptive
diffusion improves visual clarity, preserves myocardial and valve contours, and enhances diagnostic reliability.
Overall, the method provides a robust and computationally efficient filtering framework for real-time medical
imaging and intelligent diagnostic systems.

Keywords: ultrasound imaging, speckle noise, anisotropic diffusion, Perona—Malik model, entropy, adaptive
filtering, medical image processing.

1 Introduction®

Heart failure is one of the most critical medical challenges currently facing global healthcare
systems. According to recent epidemiological studies, approximately 56.2 million people worldwide
are living with this disease. Heart failure is a chronic pathology characterized by impaired myocardial
contractility, disrupted blood circulation, insufficient oxygen delivery to body tissues, and a
consequent decline in quality of life [1, 2]. According to the World Health Organization (WHO),
heart failure affects about 1-3% of the global population, and among individuals over 70 years of
age, this figure exceeds 10% [3]. Each year, deaths associated with heart failure number around 9—10
million, representing a significant proportion of overall cardiovascular mortality.

In recent years, the integration of artificial intelligence (Al) and data-driven analytical algorithms
into medical diagnostic systems has accelerated, with the goal of automating digital cardiac analysis,
early diagnosis, and real-time condition monitoring [4, 5]. Echocardiographic (EchoKG) ultrasound
imaging, in particular, stands out due to its noninvasive nature, real-time efficiency, and high clinical
value in diagnosing cardiovascular disorders.

However, processing EchoKG images presents several technical challenges. One of the most
prominent issues is speckle noise. This noise arises from the interference of coherent ultrasound
waves reflected from biological tissues, resulting in random phase shifts and intensity fluctuations
that appear as granular patterns in the image. Speckle noise not only degrades visual quality but also
significantly reduces the accuracy of structural analysis, segmentation, and boundary detection tasks.

The mathematical model of a speckle-noised ultrasound image is expressed as:

Iy=1++In, (1)
where I represents the true (noise-free) image intensity, I, is the noisy image intensity, and n is zero-
mean Gaussian noise with variance o,,.
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Ultrasound images acquired from diagnostic equipment usually undergo preliminary digital
processing. One of these preprocessing steps is dynamic range compression, which adjusts the image
for better visual perception by the human eye. The compression process is defined as:

I=a-log(ly+1)+p, (2)
where a and 8 are parameters controlling contrast and brightness, respectively.

The inverse process (decompression) can be represented as:

I, = exp(]) — 1. 3)

Thus, preprocessed ultrasound images are prepared for subsequent analysis, edge detection, and
diagnostic modeling. In this work, adaptive filtering approaches based on nonlinear diffusion models
are investigated, with particular attention to an entropy-based adaptive modification of the Perona—
Malik diffusion model for speckle noise reduction in echocardiographic images.

2 Literature review

In recent years, numerous approaches have been proposed to address the problem of speckle noise
reduction and edge preservation in ultrasound imaging. Early studies widely utilized median filtering
methods [6], which effectively suppress noise while preserving image structure, particularly fine
interlayer boundaries. Subsequently, a two-dimensional weighted version of the Savitzky—Golay
filter was developed to improve upon this approach [7]. By employing a polynomial smoothing
mechanism that accounts for local linearity, this filter achieved better preservation of structural
continuity.

The adaptive weighted median filter (AWMEF) [8] operates in accordance with local statistical
properties of the image. Filter weights are updated based on the local variance of each region,
resulting in stronger smoothing in homogeneous areas and better preservation of structural details at
high-contrast edges.

Wavelet-based approaches [9] play a significant role in ultrasound image denoising. Studies have
shown that filtering performance is highly dependent on wavelet transform parameters, the type of
ultrasound data, and noise level. Inappropriate parameter selection may lead to loss of important
details or insufficient noise suppression; therefore, parameter tuning is often performed empirically.

More recently, deep learning-based techniques have been actively explored. For instance, the
CycleGAN architecture [10] enables noise reduction while preserving image details by performing
bidirectional domain mapping between noisy and clean data. However, model training instability,
reduced accuracy in high-noise conditions, and substantial computational cost limit its applicability
in real-time systems. The anisotropic diffusion approach [11] represents a classical framework that
allows smoothing while preserving edges in ultrasound images. In this method, the diffusion rate
varies as a function of the image gradient magnitude: smoothing is stronger in homogeneous regions
and weaker near edges. Consequently, the model achieves an optimal balance between speckle
suppression and structure preservation.

Approaches based on the Dual-Tree Complex Wavelet Transform (DTCWT) [12] improve
directional sensitivity and phase accuracy compared to standard wavelet transforms. This
transformation detects and suppresses noise based on local energy distribution while retaining texture
and edge information. As a result, DTCWT achieves an effective trade-off between noise reduction
and detail preservation. Among statistical modeling methods, Gaussian Process Regression (GPR)
[13] has received considerable attention. In this approach, pixel intensities are modeled as random
variables, and adaptive smoothing is performed based on correlations among them. Although GPR
yields high denoising accuracy, its computational complexity limits real-time applicability. Kernel
Ridge Regression (KRR) [14] performs nonlinear regression using kernel functions to map noisy
pixel intensities to their corresponding noise-free signals. It produces results similar to those of GPR
but with faster computation, making it more suitable for real-time medical systems.

The Optimized Modified Three-Step Search (O-MTSS) algorithm [15] achieves both noise
reduction and detail preservation. By integrating kinematic clustering and hybrid search mechanisms,

Problems of Artificial Intelligence and Machine Learning, 2025, Vol. 1, No. 1



40 Yusupov O.R., Olimjonova S.G., Badalova L.B.

this method provides significant improvements in real-time ultrasound imaging. However, due to
possible errors during the initial stage, a slight degradation in accuracy can occasionally occur.

Furthermore, hybrid combinations of anisotropic diffusion and Speckle Reducing Anisotropic
Diffusion (SRAD) [16] achieve a balanced compromise between speckle reduction and edge
preservation. Anisotropic diffusion maintains boundaries, while SRAD effectively suppresses the
multiplicative noise component, leading to a notable improvement in diagnostic image quality.

The above analysis indicates that existing methods are primarily focused on finding an
equilibrium between smoothing and edge preservation. However, most rely on global parameters or
require intensive computation. Therefore, diffusion models with adaptive control based on local
statistical measures — particularly entropy-driven approaches — are considered among the most
promising directions in contemporary ultrasound image processing research.

3 Discrete form of the Perona—Malik model and its entropy-based adaptive
modification

The anisotropic diffusion model, particularly the Perona—Malik approach, represents an effective
mathematical framework that enables image smoothing while simultaneously preserving essential
structural details such as edges, contours, and textures [17]. The main idea of the model lies in
performing directional smoothing by linking the diffusion rate to the magnitude of the image gradient.
In the classical heat equation, diffusion is isotropic, implying uniform smoothing in all directions.
The Perona—Malik model generalizes this process by defining the diffusion coefficient as a local
function of the image gradient. Consequently, smoothing is strong in homogeneous regions and weak
near boundaries, thereby preserving structural information.

In the continuous domain, the model is formulated as the following partial differential equation:

2=V (cxy,0) V), 4)
where I(x, y,t) denotes the image intensity and c(x, y, t) is the diffusion coefficient, which depends

on the gradient magnitude:
s 2
e |- () |

cxxy, ) =g(vID, g(s) =4 1 )
5.
1+(3)

If ¢ is constant, Eq. (4) reduces to the heat equation, resulting in isotropic diffusion. However,
when ¢ depends on the gradient, diffusion becomes anisotropic: in regions with small |VI|, c = 1,
producing strong smoothing, whereas in regions with large |VI|, ¢ = 0, effectively halting diffusion.
Therefore, the model successfully suppresses noise while maintaining edges and fine structural
features [18, 17].

For digital images, the equation is discretized on a spatial grid. The image I1(x, y, t) is represented
as:

I(x,y,t) = Ii’?j,
where i and j denote spatial indices, and n is the iteration step. The time derivative is approximated
using the forward difference scheme:

n+1_,;n
or L —lj

ot At
Thus, the discrete formulation of the model becomes:
N =10+ AtV - (Y VIEY). (7)

Spatial differences are computed in four directions:
Vnlij =1licqj — 1ij, Vsl = iy j — 1,

Velij=lijo1 — 1ijpy Vwlij = Lij—1 — 1 j, (8)
and the corresponding directional diffusion coefficients are:
ey = g(VnID), cs = g(Vs!]), cg = g(IVelD), cw = g([Vw D). 9)
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Accordingly, the divergence operator can be approximated as:

leading to the final iterative form of the model:
I =11 + Aew Vil + csVslly + ceVelly + cw Vi), (11)

where A = At represents the time step. For numerical stability, the Courant—Friedrichs—Lewy
condition 0 < A < 1/4 must be satisfied [18, 17].

In the classical model, the parameter k acts as a global threshold constant that remains uniform
across the image. However, ultrasound images are typically nonuniform in illumination, variable in
contrast, and spatially inhomogeneous in noise distribution. Hence, using a single global k value may
cause over-smoothing in some regions and insufficient denoising in others. To overcome this
limitation, an entropy-based adaptive control mechanism is introduced into the diffusion process.

The local entropy Ej,ca quantifies the information uncertainty within a neighborhood of size
r X r and is computed as:

Eiocal(L,]) = = XinZo Pm (i, )) loga[pm (i, ) + €], (12)
where p,,, (i, j) denotes the probability distribution of intensity levels within the local window, L
is the number of gray levels (L = 256), and € = 10~8 ensures numerical stability. A high entropy
value indicates structural richness or the presence of edges, leading to weaker smoothing; conversely,
low entropy implies homogeneity and thus stronger smoothing.
Accordingly, the adaptive k parameter for each pixel is defined as the ratio of entropy to local
variance:
kl’J =a- E1ocal (i.J) (13)

.. )
O1ocal(Li)+E

where 0y,¢41 (i, j) represents the local contrast (standard deviation):

.. 1 - 2
Olocal (L, J) = \/T_zz:u,veNi_j (Iu.v - Ii,j) . (14)

The coefficient a is empirically selected within the range 0.5-2. When entropy is high, k; ; takes
a large value, slowing down diffusion; when entropy is low, k; ; becomes small, thereby accelerating
smoothing.

Consequently, the diffusion coefficient for each pixel is determined as:

|V1i,j| 2 1
Cij = €exp —( ke > or ¢ ;= N (15)
) 1+< ' >

ki

These formulations allow the diffusion process to adapt to local information characteristics:
diffusion halts near edges where |VI| is large, and it intensifies in homogeneous regions where
Ci,j =~ 1.

The adaptive version of the Perona—Malik equation is thus expressed as:

I =10 4+ AR VNIT + cBVSIE + cBVEDT + ey Vi), (16)

where cy s are computed based on the adaptive values of k; ; from Eq. (15).

In practice, the adaptive diffusion model is implemented through the following steps: (1) initialize
the input image Il-? ;5> (2) compute local entropy and contrast for each pixel; (3) determine k; ; and ¢; j;
(4) update the intensity values according to Eq. (16); (5) repeat the process for a predefined number
of iterations.

The advantage of this adaptive approach lies in its ability to dynamically adjust the diffusion rate
according to local statistical features: it preserves edges in high-entropy regions while effectively
reducing noise in low-entropy ones. The model’s numerical stability is guaranteed by the Courant—
Friedrichs—Lewy condition, and experimental results indicate that the proposed method achieves
PSNR improvements of 3—5 dB and SSIM gains of 0.05-0.1 compared to existing approaches [19].
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In this context, entropy serves as a measure of information flow: diffusion slows in information-
rich (structurally complex) areas and accelerates in information-poor (homogeneous) regions. Thus,
the model reduces noise while naturally preserving meaningful structures within the image.

In conclusion, the entropy-based adaptive Perona—Malik model represents an enhanced form of
classical diffusion, capable of adapting to local statistical image characteristics. It demonstrates high
effectiveness in reducing speckle noise, preserving boundaries, and improving segmentation accuracy
in medical — particularly echocardiographic — ultrasound imaging.

4 Experimental results and analysis

To evaluate the effectiveness of the proposed entropy-based adaptive Perona—Malik model, a
series of experimental studies were conducted. The performance of the proposed method was
compared with the classical Perona—Malik model and several widely used diffusion-based
approaches. Experiments were carried out in Python environments on a workstation equipped with
an Intel Core 19 processor and NVIDIA RTX4090 GPU.

For evaluation, medical images — particularly echocardiographic (EchoCG) B-scan ultrasound
images — were selected. Since such images are inherently degraded by multiplicative speckle noise,
logarithmic normalization and linear rescaling to the range [0, 255] were first applied:

Inorm - 255 . ImIafo]Ilrzllin.

Additionally, artificial Gaussian and Rayleigh noise with levels between 10 and 30 dB were added
to test robustness. All images were resized to 512 X 512 pixels.

The model parameters were set as follows: number of iterations — 15, time step — 0.20, window
size — 5 X 5, entropy coefficient — 1.2, and the gradient threshold k; ; was adaptively determined
for each pixel.

The results were quantitatively evaluated using PSNR, SSIM, and the Edge Preservation Index
(EPI):

(uxty+c1)(20xy+c2)
(Hgtuj+cr)(of+og+cz)

% 1Vlou )]
i VI

2
PSNR = 10logyo =,  SSIM =

EPI
The obtained experimental results are summarized in Table 1.

Tab. 1. Quantitative comparison of different diffusion-based models

Model PSNR (dB) SSIM EPI
Gaussian smoothing 27.46 0.735 0.68
Median filtering 28.92 0.773 0.74
Classical Perona—Malik 30.31 0.812 0.81
Proposed adaptive (entropy-based) 33.75 0.879 0.90

As shown in Table 1, the proposed model outperformed the classical Perona—Malik approach,
achieving an average improvement of approximately 3—4 dB in PSNR and 0.06—0.07 in SSIM. This
demonstrates that entropy-controlled diffusion provides more effective noise suppression while better
preserving anatomical structures. Visual comparisons also confirm these quantitative findings. Figure
1 presents the results for noisy input, classical diffusion, and the proposed adaptive diffusion.
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a) b) c)

Fig. 1. Results for noisy image (a), classical Perona—Malik (b),
and proposed adaptive model (c)

The experimental outcomes indicate that the entropy-based adaptive Perona—Malik model
achieves significantly higher accuracy than conventional diffusion techniques. The evaluation
focused on noise suppression, edge preservation, and contrast restoration using both numerical
metrics (PSNR, SSIM, EPI) and visual inspection. The experiments were conducted on
echocardiographic ultrasound images, which are typically characterized by strong speckle noise.

As illustrated in Figure 1, the noisy input image exhibits granular high-frequency speckle patterns,
especially along the cardiac walls, endocardial boundaries, and valve regions, reducing anatomical
visibility. The classical Perona—Malik diffusion partially suppresses the noise but leads to the loss of
fine structures (such as the mitral valve and septal wall). This occurs because the global k parameter
is fixed across the image, causing uniform diffusion strength and, consequently, excessive smoothing
in low-contrast regions.

In contrast, the proposed entropy-based adaptive model effectively removes speckle noise while
preserving fine anatomical details. Since the parameter k; ; is computed individually for each pixel
based on local entropy and contrast, the diffusion strength is locally controlled. As a result, diffusion
slows down in high-entropy (textured or edge) regions and intensifies in low-entropy (homogeneous)
areas. Consequently, the cardiac chamber boundaries, myocardial walls, and valve contours remain
sharp while speckle noise is substantially reduced.

The average performance metrics obtained were as follows:

PSNRgaussian = 27.46 dB, PSNRyegian = 28.92 dB,
PSNRpy = 30.31dB, PSNRpgaptive = 33.75 dB,
SSIMpy = 0.812, SSIMpdaptive = 0-879.

Moreover, the Edge Preservation Index (EPI) increased from 0.81 to 0.90, confirming that the
proposed model more effectively maintains edge integrity. These results show that the adaptive model
achieves 3—4 dB higher PSNR and up to 0.07 higher SSIM than conventional approaches.

From a physical perspective, the entropy-driven diffusion mechanism can be interpreted as
balancing the flow of information across the image. Local entropy measures uncertainty or
information density within a region. Hence, the model naturally slows diffusion in information-rich
areas (close to structures) and accelerates it in information-poor regions (homogeneous areas). This
adaptive information flow enhances anisotropic diffusion’s natural behavior. Furthermore, the
proposed model demonstrates improved numerical stability compared to the classical approach: with
A = 0.2, the algorithm converges steadily without artifacts during iterations.

In summary, the experimental findings confirm that the entropy-based adaptive Perona—Malik
model not only effectively suppresses noise but also preserves anatomical boundaries with high
accuracy. Its main advantage lies in locally adjusting diffusion strength based on statistical features
such as entropy and variance. This mechanism generates high-quality preprocessed images suitable
for subsequent segmentation, edge detection, and automatic diagnostic analysis in echocardiography.
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Therefore, the proposed adaptive model can be regarded as a natural extension of classical anisotropic
diffusion, offering practical value for intelligent medical image analysis applications.

5 Conclusion

In this study, the classical Perona—Malik anisotropic diffusion model was enhanced through an
entropy-based adaptive mechanism. In the proposed approach, the diffusion process is locally
controlled according to the entropy and variance computed for each pixel, making the smoothing
operation context-sensitive. As a result, the model effectively reduces noise while preserving essential
structural details.

Experimental results demonstrate the superior performance of the proposed adaptive model.
Compared with the classical Perona—Malik diffusion, PSNR improved by an average of 3—4 dB,
SSIM increased by approximately 0.06, and the Edge Preservation Index (EPI) reached 0.90 —
indicating that anatomical contours were maintained with high fidelity. Visual evaluations further
confirmed that the model accurately restores cardiac wall structures and endocardial boundaries while
efficiently suppressing speckle noise.

Overall, the entropy-based adaptive Perona—Malik model serves as an efficient tool for ultrasound
image denoising, contrast enhancement, and preparation of high-quality data for segmentation. As a
natural extension of anisotropic diffusion, it ensures both high accuracy and numerical stability and
has strong potential for integration into real-time medical image analysis and diagnostic systems.
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LOKAL ENTROPIYADAN FOYDALANIB ULTRATOVUSH TASVIRLARIDA
DOG‘LI SHOVQINNI KAMAYTIRISH UCHUN ADAPTIV PERONA-MALIK
FILTRLASH USULI
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Annotatsiya. Ushbu maqola ultratovush (EchoKG) tasvirida dog‘li shovqinini kamaytirishga qaratilgan bo‘lib,
bu diagnostika aniqligiga kuchli ta’sir giladi. Perona-Malik anizotropik diffuziya modelining entropiyaga
asoslangan adaptiv kengaytmasi taklif etiladi, bu erda diffuziya koeffitsienti entropiya va dispersiya yordamida
mahalliy ravishda boshgariladi. Bu bir hil hududlarda yanada kuchli tekislash imkonini beradi va qirralar va
to‘qimalar chegaralari yaqinida diffuziyani kamaytiradi, shu bilan anatomik tuzilmalarni saqlaydi.
Ekokardiyografik B-skanerlash tasvirlari bo‘yicha tajribalar shuni ko‘rsatadiki, usul klassik Perona-Malik
modelidan PSNRda 3-4 dB va SSIMda 0,06 ga ustun bo‘lib, shovqinni bostirish va chekka tutilish o‘rtasida
yaxshiroq muvozanatga erishadi. Natijalar shuni ko‘rsatadiki, tavsiya etilgan entropiyaga asoslangan adaptiv
diffuziya vizual ravshanlikni yaxshilaydi, miyokard va qopqoq konturlarini saqlaydi va diagnostika
ishonchliligini oshiradi. Umuman olganda, usul real vaqtda tibbiy tasvirlash va aqlli diagnostika tizimlari uchun
mustahkam va hisoblash jihatidan samarali filtrlash tizimini ta’minlaydi.

Kalit so‘zlar: ultratovush tasvirlar, dog‘li shovqin (spekl shovqin), anizotrop diffuziya, Perona—Malik modeli,
entropiya, adaptiv filtrlash, tibbiy tasvirlarni qayta ishlash.

AOANTUBHAA ®UNBTPALIUA NEPOHA-MAJIUKA ANA NOAABNEHUA
CMEKN-WWYMA B Y/IbTPA3BYKOBbIX U3OBPAEHUAX C
UCNOJIb3OBAHUEM JIOKA/IbHOW SHTPOMUU
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!Camapkansckuii rocynapcteennslii ynusepcurer umenu lllapoga Pammosa,
Camapkan, Y30ekucras.
’Hay4Ho-HCCle10BaTeNbCKUI HHCTUTYT Pa3sBUTHS HU(PPOBBIX TEXHOIOTUIA U
UCKYCCTBEHHOT'O MHTEJJIEKTa, TallIKeHT, ¥30€KUCTaH.

AHHoTanus. B naHHOHM cTaThe paccMaTpuBaeTCs BOMNPOC CHIDKEHUS CHEKJI-LIyMa HpH YIbTPa3BYyKOBOM
Buzyanu3auu (9xoKI'), KOTOpHIid CYyIIECTBEHHO BJIMSET HA TOYHOCTh TUAarHOCTUKY. [Ipeanaraercs ananTuBHOE
pacimpenre aHu30TponHoi nuddysnonHoit moaenu [leponsi—Manika, OCHOBAaHHOE Ha SHTPOIHH, B KOTOPOM
kodpunment auddy3nn KOHTpOIMpPYETCS JIOKATbHO C WCIONB30BAaHHEM OJHTPONUN WM AMCIEPCHH. IJTO
obecrieunBaeT 6oiee CHIIBHOE CTIIAKUBAHKIE B OMHOPOIHBIX 00IACTAX M CHIKEeHHE An(Gy3un BOIM3H KpaeB U
TpaHUI] TKAaHEH, TEM CAMBIM COXPaHssI aHATOMUYECKHUE CTPYKTYPHI. DKCIIEPHUMEHTHI Ha 9X0 KapInorpaduIecKux
B-ckaH-m300pakeHUAX MTOKA3BIBAIOT, YTO METOJ] MPEBOCXOANT KIacCHIECKyto Moens Ileponsi—Manmka Ha 3—
4 nb no PSNR u na 0,06 mo SSIM, nocruras iydiiero 6agaHca MexIy MOAaBIEHHEM IIyMa ¥ COXpaHEHHEM
KOHTYpPOB. Pe3ysibTaTsl [10Ka3bIBAIOT, YTO MpeasIaraeMast afantiuBHas Audy3ns Ha OCHOBE SHTPOIHH yJTydIIaeT
BU3yaJIbHYI0 4ETKOCTb, COXPaHSAET KOHTYPhl MHUOKapja U KJIANAaHOB, a TAK)KE MOBBIIIAET JUATHOCTUYECKYIO
HaJIeKHOCTb. B 1enom, MeTox oOecriedunBaeT HaJEKHYIO W BBIYUCIUTENBHO S(PQEKTUBHYIO CTPYKTYpY
¢$unbTpanuy sk MEIMIHCKONW BH3yaM3allii B PEealbHOM BPEMEHH M MHTEIUICKTYAJIbHBIX JHAarHOCTHYECKHX
CHCTEM.

KaroueBble cjioBa: yibTpa3ByKoBasi BU3yalH3alus, CIIEKI-IIyM, aHu3oTponHas auddysus, moaens [lepona—
Manwika, SHTPOIIUS, alaNTUBHAS QUIBTPAIUs, 00padOTKa METUITTHCKUX NU300paXKeHUIA.

Sun’iy intellekt va mashinaviy o‘qitish muammolari, 2025, 1-tom, 1-son



