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ABSTRACT

This study investigates the role of artificial intelligence in coronary computed tomography
angiography analysis, with a focus on the mathematical modeling of stenosed coronary arter-
ies. A detailed comparative analysis is performed between physics-informed neural networks
and the finite volume method implemented in the computational software “Analysis System”
(ANSYS) environment, both used to solve the governing equations comprising partial and
ordinary differential equations that describe the Maxwell viscoelastic behavior of blood and
its associated velocity—pressure distributions. Physics-informed neural networks, through
their ability to directly embed physical conservation laws into the neural network structure,
demonstrate superior capability in producing smooth, accurate, and stable solutions for com-
plex coronary geometries. In contrast, the finite volume method, based on mesh-dependent
approximations, shows limitations in addressing strong nonlinearities and geometric irregu-
larities inherent in stenosed arterial flow. The findings reveal that the physics-informed neural
network framework outperforms the finite volume method in terms of accuracy, computa-
tional efficiency, and adaptability to real-world biomedical complexities. The novelty of this
study lies in the first integration of the Maxwell viscoelastic blood model within a physics-in-
formed neural network framework for simulating flow and heat transfer in stenosed coronary
arteries, along with a comprehensive validation against the finite volume method. This hybrid
approach bridges the gap between artificial intelligence and classical fluid dynamics, offering a
robust, mesh-free, and physics-consistent methodology for hemodynamic analysis. Although
both methods still face challenges in matching the precision of invasive techniques such as
fractional flow reserve, the incorporation of advanced imaging reconstruction and explain-
able artificial intelligence can further enhance the reliability of non-invasive coronary flow
assessment.

Cite this article as: Wahab A, Asjad MI, Nadeem S, Anjum K. A study on physics-informed
neural networks and finite volume approach for Maxwell fluid simulation in stenosed coro-
nary arteries. Sigma ] Eng Nat Sci 2026;44(4):2473-2508.

*E-mail address: wahabgujjar175@gmail.com

This paper was recommended for publication in revised form by

Editor-in-Chief Ahmet Selim Dalkilic

Published by Yildiz Technical University Press, Istanbul, Turkey
B No

© Author. This is an open access article under the CC BY-NC license (http://creativecommons.org/licenses/by-nc/4.0/).


https://sigma.yildiz.edu.tr
https://orcid.org/0009-0003-7850-3433
https://orcid.org/0000-0002-1484-5114
https://orcid.org/0000-0002-1052-011X
https://orcid.org/0009-0003-8203-1627
http://creativecommons.org/licenses/by-nc/4.0/

2474

Sigma J Eng Nat Sci, Vol. 44, No. 4, pp. 2473-2508, August, 2026

INTRODUCTION

The leading cause of mortality worldwide is still cor-
onary artery disease. The newly introduced computed
tomography scanners with their autodetection technology
have made it feasible to obtain a high-resolution picture of
cardio vascular system especially heart and coronary arter-
ies within a heartbeat. Consequently, coronary computed
tomography angiography provides unprecedented potential
to mitigate the illness with precise identification of calcium
in coronary artery and also plaque. The ability to probe
the hemodynamic importance of coronary artery stenoses
using advanced modeling and image processing, coronary
computed tomography angiography was recently stood at
the highest rank. For the evidence, the tool was used on few
suspected coronary artery disease to evaluate reliability and
validity [1]. The labor-intensive nature of extensive coro-
nary computed tomography angiography analysis and the
need for highly qualified specialists to interpret images now
restricted. The advancements in the artificial intelligence
have evidently enhanced the working phenomenon by pro-
viding a degree of detail of coronary computed tomography
angiography analysis [2]. Additionally, the amount of data
in coronary computed tomography angiography exams is
far greater than what even the most skilled observers can
manually analyze. With the help of scientific advancement
in deep learning, we examine current artificial intelligence
advancement that are pertinent to coronary computed
tomography angiography here, examining the cardiovascu-
lar system including heart and majorly concerning artery,
coronary artery, overall (Fig. 1).

The foundation of coronary computed tomography
angiography is coronary artery analysis, which offers
firsthand knowledge of coronary artery disease [3].
Anatomically and functionally important stenoses can

The role of artificial intelligence in cor

result from obstruction of the major blood arteries feeding
the heart, which is characterized by a number of diseases
[4]. The automated analysis of coronary computed tomog-
raphy angiography using Al has attracted a lot of attention
because of the wide heterogeneity in anatomy and pathol-
ogy. Both human and computerized coronary computed
tomography angiography analysis need the extraction of
the coronary artery centerline. Multi-planar reconstruc-
tion and curved multi-planar reconstruction illustrations,
which are often utilized while the identification of coronary
computed tomography angiography-based coronary artery
disease, may be produced thanks to extracted centerlines
[5].

The centerlines of the coronary arteries and the asso-
ciated multiplanar reformatteds are also necessary for
computerized coronary computed tomography angiog-
raphy analysis frameworks. Multiple self-activating and
semi self-activating techniques for coronary conduit cen-
terline extraction have been created because of the work
escalated nature of manual extraction [6]. Using classic
minimal cost route algorithms or trackers, which frequent
depended substantially on user intervention, centerlines
were recovered in conventional procedures by joining two
semi self-activating specified edges of the vessel in the vol-
ume of coronary computed tomography angiography. For
the detection of the seed point of coronary conduit and to
navigate the detector without needing operator interven-
tion. Back then, hand-crafted filters as shown in Figure 2
were famous but Wolter et al. [7] introduced the convo-
lutional neural networks. However, tracking via exceed-
ingly convoluted arteries or severe instances of stenosis
and categorization remained difficult. In order to mitigate
this problem later methods were created [8,9]. In order
to generalize effectively to different degrees of size and
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Figure 2. Image-based analysis of anatomical and functional stenosis severity of the coronary arteries.

tortuosity, Alblas et al. [10,11] recently created a detec-
tor with the use of radial and scale symmetries present
in data taken from vascular system. Notably, when pre-
pared exclusively on information of coronary artery, their
approach accurately traced the centerlines of the abdom-
inal aorta, suggesting a general ability to anatomies not
encountered during training.

In order to automatically extract coronary artery cen-
terlines, the orientation of vessel for the patches of pic-
ture centered around the coronary artery is iteratively
predicted. From centerline, multiplanar reformatted
pictures are taken. The left ventricular myocardium and
multiplanar reformatted are both used to extract charac-
teristics using a neural network. (Middle) To forecast the
presence and/or severity any functional stenoses, features
are employed [12]. To anticipate the degree of anatomical
stenosis, a division of a lumen and plaque stage is carried
out later (Bottom).

CORONARY TREE LABELLING

As per recommendation, coronary computed tomogra-
phy angiography reports must have the segment-level data
on the position of identified atherosclerotic lesions and
stenosis. The coronary tree’s automatic labeling might help
doctors by expediting the diagnosing process. Originally
studied, atlas-based registration [13] has limitations in
managing the coronary tree’s morphological diversity, since
deep neural networks have the expressive capacity to bet-
ter manage significant inter-patient anatomical variances,
they have been proven to be more appropriate for the job.
Inspired by its natural form, researchers of deep learning
usually depict the coronary tree with graphical representa-
tion which shows the coronary segments as its nodes. First
deep neural networks-based segmented labeling frame-
work is derived by Wu et al. [14], modeled with the graphi-
cal representations of coronary trees using recurrent neural
networks, graph neural networks have been proposed as a
way to take use of the intrinsic graph structure. Among the
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first to use graph neural networks for segment labeling were
Yang et al. [15]. Their solution was particularly resilient to
damaged cardiac tree data and performed better than the
recurrent neural networks-based strategy. The prospects of
exploiting the planned interlinks of the segments of coro-
nary as previous record was recently recognized by Zhang
etal. [16]. In order to impose anatomically realistic labeling
and establish the unconventional area, they injected strin-
gent topology into a structure based on graph neural net-
works. In the context of diagnosing coronary artery disease,
the main objective of clinical coronary computed tomogra-
phy angiography interpretation is to locate and describe the
degree of anatomical stenosis. However, visual evaluation
may be a laborious and difficult process that is subject to
inter-observer variation. Therefore, the diagnostic work
flow may be more reliable and efficient using an automated
stenosis evaluation system. An initial lumen segmentation
step is usually required for automatic stenosis assessment.
Directly, either the stenosis [17,18] or post-processing
of the segmented volumes [19,20] can be used to for the
localization of stenosis. Earlier, for the segmentation of the
lumen, conventional computerized vision methods were
used [21], most current studies have used techniques based
on deep learning. For instance, demonstrated a significant
correlation between accurately characterized stenosis mea-
sures and stenosis biomarkers identified using deep neu-
ral networks-derived lumen segmentations also suggested
using a deep neural networks to identify severe stenosis
after initially segmenting the coronary tree. Despite using a
traditional voxel-based technique, voxel-wise segmentation
may not be able to satisfy the quality requirements of jobs

Input image Parameterise

Mesh conversion

Lumen segmentation

that come after. In order to attain sub-voxel precision and
anatomically believable, contiguous findings, researchers
have begun using deformable shape priors as an option to
the paradigm based on voxel [22,23]. The coronary artery
disease reporting and data system was created in order to
standardize coronary computed tomography angiogra-
phy-based coronary artery disease reporting. It majorly
outlines a severity of stenosis categorization system based
on the intensity of anatomical stenosis in coronary arteries.
Therefore, for better assessment, a technique based on the
deep learning of stenosis that predict substantial stenosis or
extract coronary artery disease reporting and data system
scores straight from the image data have been proposed by
researchers. Muscogiuri et al. [24], for mince, developed a
convolution neural network-based classification technique
that shows excellent diagnostic accuracy. By training con-
volution neural networks to predict coronary artery disease
reporting and data system scores along with the auxiliary
tasks of segment-level significant stenosis and patient-level
calcium score prediction. Denzinge et al. [25] outperformed
their results, demonstrating that combining coronary artery
disease reporting and data system prediction with highly
correlated secondary targets can significantly improve
model performance. During coronary computed tomog-
raphy angiography reporting, it is advised to characterize
plaque types as calcified, non-calcified, or mixed. Typically,
radiomics methods have been used to die prediction mod-
els [26]. Researchers have included features of plaque cat-
egorization and quantification into a framework based on
the deep learning of stenosis, due to the potential of predic-
tion of models as shown in Figure 3. Zreik et al. [27] studied

FFR|

Velocity field

Navier-Stokes
equations

Figure 3. Geometry-based surrogates for assessment of functional stenosis severity.
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that the input of multiplanar reformatteds were segregated
into an equal amount of volume which was also further seg-
regated and then swallowed into the recurrent neural net-
works that classified the kind of plague and the severity of
stenosis at the segment level. Numerous studies have been
examined voxel-level measurement of calcified plaque,
which usually yields a significant connection with calcium
level of coronary artery calculated from the reference stan-
dard of the society of cardiovascular computed tomography.
Estimation of the burden of plague and coronary artery dis-
ease reporting and data system score assignment based on
the stenosis quantification were made possible voxel-level
plaque characterization utilizing recurrent neural networks
for semantic segmentation of lumen, calcified, and noncal-
cified plaque. In a multi-cohort validation, it was demon-
strated that stenosis measures had a significant correlation
with intravascular coronary angiography, whereas deep
learning-based plaque load assessments corresponded very
well with expert visual evaluation and intravascular ultra-
sonography. Future cardiac events might be predicted using
the total plaque volumes determined by deep neural net-
works,recently presented a pipeline based on deep learning.
Using a 3D convolution neural network, surface networks
for the lumen, clotted, and non-clotted plaque are extracted
by utilizing cylindrical shape priors. After reformatting to
one-dimensional signals, the meshes are fed into a convo-
lution neural network that predicts the coronary artery dis-
ease reporting and data system score.

Graph Neural Networks (GNNs) have significantly
advanced the automatic labeling of coronary artery trees
by overcoming the structural and contextual limitations of
Recurrent Neural Networks (RNNs).

GNNs are distinct from RNNs due to their specific han-
dling of graph structured data as compared to RNNs which

Process data step by step and often strugle with com-
ples vessel branching and spatial relationships. For mod-
eling coronary anatomy as a network of connected vessel
segments a nd junctions GNNs are best suited.this format
describe that nodes stands for vessel segment while edges
explain the connection of different branches. Information
is transitory between neighboring nodes which enables the
narrow features of GNNGs like curvature, diameter, align-
ment and extenisve structural patterns such as how vessels
are regularized within the coronary tree. This let them to
identify the diverse coronary segment precisely comprir-
ing LAD, LCx, RCA and their branches, indeed there are
anatomical divergence or distortion in the imaging data.
Furthermore GNNs are most resilient and flexible because
they do not count for the straight processing like RNNs.
Probes illustrate that GNN based methods accomplish
enhanced labeling precision and sustain more compati-
ble vessel structures and provide obvious analyzability. As
a result, they are now widely considered one of the most
effective approaches for automatic coronary tree labeling in
CCTA analysis.

According to Itu et al. twelve , one approach is to
describe a stenotic lesion using its geometric properties.
These features can then be used to train an artificial neural
network to directly predict fractional flow reserve. Another
approach involves using graph neural networks, which can
operate directly on the luminal mesh generated automati-
cally from the data [28]. This allows for the prediction of
velocity fields within the coronary arteries.Moreover phys-
ics informed neural network can be employed to discover
solutions that fulfill the Navier- Stokes equations although
integrate the geometry of artery [29]. This create potential
to evaluate velocity fields in a way that is steady with both
fundamental physics and vessel structure.

In the last few years, many researches have concen-
trated on enhanced nanofluid and non- Newtonian flow
models to comprehend fluid behaviour under magnetic
and thermal impact. Murtaza and Naveen [30] scrutinize
radiative second-grade nanofluid flow with Thomsaon and
Troian slip situation, underlining how nanoparticle shape
prerogate heat transfer. Sathya and Naveen [31] dilate on
this by implementing regression evaluation to magnetized
power-law nanofluid flow over a thin needle, proving its
implicit use in purposed drug delivery. Sathya et al. [32]
additionaly examine this area with the help of multipule
regression techniques to scrutinize Blasius and Sakiadis
flow of power-law nanofluids, providing valuable forecast
for surface motio and heat trasnfer manners. Naveen et al.
[33] prolong the task by assimilating artifical neural net-
work models to analyze Casson hybrid nanofluid flow with
entropy development, indicating that how data driven strat-
egy can help to upgrade thermal systems. Moreover, Suriya
and Naveen [34] executed a least cost analysis of magne-
tized Sutterby nanofluid with the help of ANOVA-RSM
structure, demonstrating the worth of combining statistical
and computational approach to enhanced flow irreversibil-
ity and magnetohydrodynamic impact.

Suriya and Naveen [35] also examine electrically
magnetized Eyring-powell nanofluid flow, revealing that
viscous dissipation plays an significant part in flow irre-
versibility. Sathya and Naveen supervised a relative study
on titanium dioxide power-law nanofluids under emmisive
and convecting estate, emphasizing their implicit in cancer
treatment applications. In further studies. Naveen et al. [36]
inspect Sutterby fluid behaviour with higher order chem-
ical reactions, givimg better understanding into complex
non-Newtonian flow features. Sathya and Naveen further
delves into nonlinear thermal convection in magnetized
dissipative flow over a shrinking Riga sheet, with a rivet
on entropy generation and thermodynamic competence in
both inductrial and biomedical circumstances. Collectively,
these work give a strong cornerstone for combining artifi-
cial intelligence, nanofluid mechanics, and nonlinear rhe-
ology. Noverthless, the unification of viscoelastic Maxwell
fluid dynamics within a Physics-Informed Neural Network
framework for authentic arterial flow modeling has not
yet been negotiated. The current review, consequently,
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be certain about this foundation by broadening the exer-
tion of Al-driven physical modeling to coronary blood
flow, immolating a narrative hybrid technique that over-
passes classsical fluid mechanics with deep learning-based
imitation.

Modern coronary computed tomography angiogra-
phy (CCTA) is a validated, guideline-endorsed, non-in-
vasive alternative for detection of coronary stenosis and
importantly for direct visualization and quantification of
coronary plaque. CCTA provides high diagnostic accu-
racy and an excellent negative predictive value that safely
rules out obstructive disease in patients with low-to-inter-
mediate pretest probability, reduces unnecessary invasive
procedures, and enables characterization of plaque com-
position and burden (including high-risk features) that is
not achievable with conventional angiography alone. Large
trials (e.g., SCOT-HEART) and contemporary guideline
statements support the use of CCTA to guide management
and improve outcomes. We therefore used CCTA in this
study to non-invasively define anatomy and plaque charac-
teristics prior to modeling, while acknowledging that ICA/
IVUS/OCT remain indispensable when invasive interven-
tion or highest-resolution plaque imaging is required.

Coronary artery centerline extraction is a critical pre-
processing step in CCTA-based analysis because it provides
the geometric backbone of the coronary tree, enabling
accurate lumen segmentation, plaque localization, vessel
curvature assessment, and quantitative evaluation of ste-
nosis severity.Specific turning points are also crucial for
3D reconstruction, computational fluid dynamics (CFD)
simulations, and fractional flow reserve (FFR-CT) com-
putations, as even small geometric errors can lead to large
errors in hemodynamic metrics. Prior strategies for coro-
nary midline removal mainly relied on minimal-cost path
and graph-based strategies, involving Dijkstra’s algorithm
and Fast Marching methods. In these methods, the vessel
lumen is modeled as a cost function, and the midline is
discover by estimated the optimal path between manually
selected endpoints. While potent to some extent, such tech-
niques are essentially finite by their reliance on built in cost
metrics and user arbitration. In comparison, Convolutional
Neural Network (CNNs) have primarly reconsidered the
performance and automation of coronary artery midline
extraction. By exploiting data-driven organised feature
learning, CNNs can directly handle volumetric CCTA data
to distinguish vessel structures from surrounding tissues
and imaging artifacts with high accuracy. Enhanced frame-
work, involving 3D U-Net, V-Net, and attention- improved
CNN conflict leverage multi-scale contextual illustrations to
concurrently apprehend global anatomical continuity and
elaborate local vessel structure. This competence empower
robust delineation of highly twisting and miniature distal
branches, major surpass traditional minimal-cost path-
based techniques in both precise and reliability.

In recent times, Physics-Informed Neural Networks
(PINNs) have appeared as a robust computational

framework for solving complex partial differential equations
through the definite incorporation of rulling physical laws
into the loss function. This composition permit the direct
approximation of nonlinear systems without assurance on
structured meshing, thereby substantially improving their
suitability to problems in fluid dynamics, heat transfer, and
biomedical transport processes. Initial researches by Raissi
et al. (2019), Cuomo et al. (2022), and Kissas et al. (2020)
have illustareted the potency of PINNs in modeling lami-
nar and pulsatile blood flow. Even so, the majority of these
researches remain restrained to Newtonian premise or rel-
atively clarified non-Newtonian formulations, therby con-
straining their capacity to precisely apprehend the complex
rheological behaviour, features of realistic biological flows.
At the same time, customary numerical methods such as the
Finite Volume Method (FVM) and Finite Element Method
(FEM) remain the ordinary tools for affecting hemody-
namics in stenosed arteries, yet they are computationally
challenging and mesh-sensitive when employed to realistic,
patient-specific geometries. Regardless of comprehensive
work on arterial fluid mechanics, the combined impact
of viscoelasticity, thermal effects, and magnetic parame-
ters within an Al-based framework has obtained very low
emphasis. Furthermore, the assimilation of Maxwell type
viscoelastic rheology into PINNs and its computable stan-
dard against FVM solvers has not disclosed in the open
literature.

In light of these limitations, the present study devel-
ops a hybrid Physics-Informed Neural Network (Maxwell)
framework to model blood flow, temperature, and wall
shear stress in healthy and stenosed coronary arteries. The
proposed approach not only captures the elastic memory
characteristics of blood but also enables a mesh-free, com-
putationally efficient solution when compared with the
Finite Volume Method implemented in ANSYS. This study
therefore contributes a novel, data-driven yet physics-con-
sistent methodology that aligns with the journal’s scope in
computational fluid dynamics, applied mathematics, and
biomedical flow modeling, offering new insights into the
interplay between viscoelasticity, geometry-induced resis-
tance, and heat generation in coronary circulation.

Functionally Significant Stenosis

The extent which stenosis restricts a coronary artery’s
downstream blood flow determines its functional relevance
[37]. The ratio between the areas proximal and distal to the
stenotic is determined by fractional flow reserve which is
used in practice to assess the flow [38]. Functional steno-
sis severity, a non-intrusive measurement test from coro-
nary computed tomography angiography has attracted a
lot of attention because this invasive test is expensive and
stressful for patients [39]. For the self-activating prediction
of this intrusive test from coronary computed tomogra-
phy angiography, a number of techniques have been put
forth, they be broadly categorized into two groups. The
algorithms from first class evidently shows geometric and
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anatomical properties of coronary tree from coronary com-
puted tomography angiography [40-42]. By sorting the
differential equations iteratively, the technique of finite ele-
ment can approximate the blood flow parameters after seg-
mentation of lumen transformed into a triangular shaped
meshes by using the standardize approach of computa-
tional fluid dynamics in the first place [43-46]. Research
on meta-models for effective flow of blood parameteriza-
tion has increased recently due to the computational cost
of such approaches. deep neural networks are a common
candidate for such a surrogate model due to their quick
inference, Figure 4 provides an overview. They trained the
network by using 12,000 simulated coronary tree anato-
mies and suggested fractional flow reserve values simulated
from computational fluid dynamics. The suggested ANN
has been thoroughly tested an decreases calculation time
by over 80 times when compared to traditional computa-
tional fluid dynamics-based methods. Morphology and
stenosis severity features are used to approximate fractional
flow reserve at each location around the coronary artery as
Itu et al. made an artificial neural network. The computed
tomogarphy morphological index by introducing the ANN
which was improved the predictive value by using the work
of Itu et al. Later, recurrent artificial neural networks were
used to simulate fractional flow reserve values in order to
investigate long-range relationships between artery seg-
ments. As an alternative, whole 3D velocity fields may be
inferred using deep learning techniques, allowing for the
direct computation FFR. The GNNS directly works on
geometrical meshes which is an input to estimate velocity
fields. These were employed. Coronary tree anatomies were
produced by the techniques for which reference velocity
fields were computed using computational fluid dynamics.
With just a modest quantity of training data, at interference
the gated neural network can estimated the desired velocity
fields that are almost instantaneous. Additionally, to solve
the underlying differential equations in computational fluid
dynamics, deep learning has been used directly. Physics-
informed neural networks are used to anticipate dense
velocity fields. And the solution was determined by using

CCTA image series U-Net

Whole-heart segmentation

Navier-Stokes equation implicitly while taking artery wall
boundary conditions into account, Compared to traditional
computational fluid dynamics methods, this has a number
of benefits, including resilience to noisy observed data and
poor resolution. However, because the approach is iterative,
much like computational fluid dynamics, it is somewhat
sluggish when com- pared to other deep learning options.
computational fluid dynamics metamodel based on deep
learning have the drawback of depending on segmentations
of lumen to accurately forecast functional stenosis, which
requires a precise reconstruction of the artery geometry.
Therefore, instead of using a geometric data-based method,
the other group of algorithms concentrates directly in pre-
dicting the functionality of important stenosis from image
information. Usually, a computer vision model is trained
on coronary computed tomography angiography image
areas of interest to do this. The left ventricular myocar-
dium and the coronary artery tree are regarded as areas.
A pre-processing segmentation phase is used to identify
them. For instance, Zreik et al. [47] suggested a convolu-
tion neural network to extract myocardial characteristics,
which are then used by a support vector machine to cate-
gorize the degree of functional stenosis at the patient level.
Subsequent research improved the diagnostic accuracy of
functional stenosis prediction by combining a convolution
neural network-based study of the myocardium and coro-
nary artery tree [48]. In their explainable approach. Hampe
et al. [49] described coronary arteries using pathological
and anatomical data gleaned by using a multi-planar image
along with the coronary artery tree. After that, a neural
network identified the functional relevance of the steno-
sis by directly regressing the fractional flow reserve value.
Kumamaru et al. [50] suggested an alternative method that
does not need segmentation. The technique uses automated
identification of aberrant areas surrounding the coronary
artery lumen to detect regression of fractional flow reserve
and functional stenosis from start to finish.

This makes it possible to quantify important clinical risk
indicators such the left ventricular ejection percent, cardiac
shape and function, and the presence of epicardial adipose

Quantify

TLU ejection fraction.
IMorphology
| Function |

l Epicardial adipose tissue ‘

=

Figure 4. Whole heart image analysis typically involves the segmentation of cardiac structures such as the cardiac cham-

bers and the epicardium.
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tissue given a sequence of coronary computed tomography
angiography images taken during the cardiac cycle.

Whole Heart Analysis

Large artery and cardiac chamber analysis may offer
important new information for predicting cardiovascu-
lar risk. In clinical settings, this analysis is not frequently
carried out since manual cardiac delineation takes around
five hours per 3D picture volume [51]. Deep learning
techniques, however, can assist in locating and measuring
important structural elements.

Whole Heart Segmentation

During the analyzation of the whole heart, left ventric-
ular myocardium and pericardium are examined due to the
significance of left cardiac chambers. Although early tech-
niques suggested segmentation based on models or atlases
[52,53], techniques based on deep learnings had been
demonstrated to execute better than conventional methods.
The majority of deep leaning-based techniques take into
account the CNN-based voxelwise segmentation of cardiac
structures, each element is assigned to a particular cate-
gory that corresponds to the composition of heart which
it belongs to this as shown in Figure 4. These techniques
provide extremely accurate delineations [54,55]. One draw-
back of voxelwise segmentation is that it usually does not
penalize nonphysical artifacts or forms that are anatomical
improbable. Therefore, several investigations use segmen-
tation based on heart shape limitations. For instance. Kong
et al. [56] suggested reconstructing exterior network for
every object within the segmentation of the whole heart.
This was accomplished by using a GNN to repeatedly bend
a sphere to the desired heart shape, producing a high-reso-
lution cardiac mesh. In order to derive a feature represen-
tation, Attar et al. [57] suggested merging patient metadata
with pictorial information. A mesh depiction of the heart
chambers is then created using them.

Downstream Analysis

In order to do a functional examination of the entire
heart, more and more clinical investigations are obtaining
3D coronary computed tomography angiography images
throughout the cardiac cycle. These images may be seg-
mented, and heart function can be measured by down-
stream studies. Pictures obtained for transcatheter aortic
valve installation are used for treatment planning in mor-
phological examination, for instance,showed that the left
ventricular ejection fraction could be accurately quantified.
Szilveszter et al. [58] demonstrated the feasibility of utiliz-
ing coronary computed tomography angiography for the
quantification of deformation vectors in the assessment of
left ventricular and atrial strain.. Moreover, Commandeur
et al. used pericardial border delineations to measure epi-
cardial adipose tissue [59]. In recent years, it has been
demonstrated that perivascular and epicardial adipose
tissue deposits affect the evaluation of cardiovascular risk
[60].

Research Gap and Motivation of This Study

The present study differs from previous works by inte-
grating Physics-Informed Neural Networks (PINNs) with
the Maxwell non-Newtonian model to simulate blood flow
in stenosed coronary arteries, providing a more realistic
representation of blood’s viscoelastic behavior. Unlike con-
ventional Computational Fluid Dynamics (CFD) or purely
data-driven approaches, the proposed method embeds the
governing physical laws directly into the neural network’s
learning process, ensuring physics-consistent solutions.
The present study incorporates a comprehensive valida-
tion framework through a detailed comparison with Finite
Volume Method (FVM) simulations performed in ANSYS
Fluent, an aspect that remains largely underexplored in
prior investigations. The obtained results are analyzed
with substantial physical and clinical grounding, explicitly
correlating flow behavior with underlying hemodynamic
implications. Collectively, this integrated AI-CFD frame-
work establishes a novel, precise, and computationally effi-
cient methodology for modeling coronary hemodynamics,
with potential applicability to a broader class of biomedical
flow problems.

This work addresses a critical gap in Coronary
Computed Tomography Angiography (CCTA) analysis by
incorporating the viscoelastic Maxwell blood flow model
within a Physics-Informed Neural Network (PINN)s [61]
framework, an area that has not been sufficiently exam-
ined in existing literature. Earlier research have primarly
employed PINNs for solving rulling equations , involv-
ing partial and ordinary differential equation, with finite
concentration on comparitve substantiation or their pro-
longation to complex non-Newtonian models such as the
Maxwell fluid. Influenced by the requirement for more
physiologicall realistics and clinically significant modeling
techniques, this research assimilate the Maxwell fluid for-
mulation and accomplish a systematic comparison between
PINNSs and the Finite Volume Method executed in ANSYS
Computational Fluid Dynamics. The rulling equations
portraying velocity and pressure distributions in stenosed
coronary arteries are figured out with the help of both tech-
niques to empower a steady appraisal.

The relative analysis disclose that, even though FVM
profters steady and computationally competent solutions,
its built in dependence on mesh generation limitations its
accomplishment in geometrically complex fields. On the
other hand, PINNs elaborate improved precision, higher
flexibility and enhanced ability in managing nonlinear-
ities and complicate arterial geometries. The outcomes
validate the potency of PINNs in modeling Maxwell-type
blood flow and position them as a convincing substi-
tute to conventional CFD methods. Moreover, this work
assist toward the upgrading of more reliable and clinically
applicable diagnostic tools in CCTA-based hemodynamic
evaluation, thereby handling a substantial flaws in current
study.
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Ethical Approval and Informed Patient Consent

This research obtained endorsement from the institu-
tional honorable Review Board of Faisalabad Cardiology
Hospital, Pakistan. All protocols were executed in imperi-
ous adherence with suitable recommendations and legisla-
tive norms. Explicit conversant assent was gained from all
participants preceding to the involvement of their imaging
data in the research. The obfuscated Coronary Computed
Tomography Angiography (CCTA) images were earned by
Dr. Kubra Anjum during routine clinical practice and were
implemented solely for academic and rsearch purposes.

Governing Equations

The flow of Maxwell-type blood through stenosed arter-
ies is illustrated by integrated system of continuity, momen-
tum, energy, and concentration equations, jointly attribute
the viscoelastic, thermal, and mass captivate behaviour of
blood under physicological estates. The continuity equa-
tion impose the incompressibillity restraintswhile the
momentum equation, devised as specific Navier-stokes
expression, integrate both viscous and elastic stress impact
through the Maxwell constitutive model. The involvement
of a relaxation time criterion make it possible the depic-
tion of memory-dependent fluid behaviour, consequently
apprehending the combined viscous elastic reaction of
blood, specifically under pulsatile conditions and lifted
shear rates in the locality of arterial stenosis. The energy
equation manage heat transfer method emerging from vis-
cous dissipation and thermal conduction within the arte-
rial field, whereas the accumulation equation version for
the transport chemical species, such as oxygen or hanging
nanoparticles, within the medium.

The physiological flow of the ill and almost healthy
models was simulated by solving the Navier-Stokes equa-
tions conservation equations with finite volume and the
continuity equation using ANSYS Fluent. A turbulent blood
flow is caused by different levels of stenosis, which lead to
blockage and recirculation. The walls were subjected to a
noslip boundary condition, assuming that the plaque was
rigid. Then, blood is recalled to resemble the characteris-
tics of blood in coronary veins by being an incompressible,
non-Newtonian liquid with a constant thickness of 1060 kg/
m?. Next, as stated in , are the controlling parameters for
the three-layered mass and energy preservation associated
with the blood stream. However, it is important to note that
the PINN framework itself is general and model-indepen-
dent. In principle, it can be extended to other types of fluids
(Newtonian or non-Newtonian) by simply embedding the
corresponding governing equations and boundary condi-
tions into the loss function. In this work, we focused on
the Maxwell non-Newtonian model to capture the realistic
rheology of blood in stenosed arteries. Future studies can
adapt the same methodology for Newtonian, power-law, or
hybrid nanofluids by redefining the constitutive relations
within the PINN formulation.

Maxwell Fluid Model in 3D for Blood Properties
Maxwell fluid model in 3D for Blood Properies are as
follows:

Continuity equation (conservation of mass)

The continuity equation for an incompressible fluid in
3D Cartesian coordinates is:

% + Zﬂ + 8z 0, where, u,, u,, u, are the velocity
components in the x, y and z directions, respectively..

Momentum equation for Maxwell fluid
The momentum equation for a Maxwell fluid in 3D
Cartesian coordinates is:

du, ou, du, du,

ot gy Ty, Ty,
_—lop + 0%u, 0%u, 0%u, N ou, 0%u, B 0%u, _ 0%u,
p Ox K\ ox2 dy? = 09z? ot ox?  9y?  09z?

Similarly, for u, and u,, we have:

u Ju u u
e At Y y

ot "Wy TG, tU g

_—1dp N 0%u, 0%u, 0%u, 3 ou, 0%u, 0%u, d%u,
T p oy 0x2 = 0y? = 0z? ot  9x?  dy? 0z2
du, du, du, du,
gt Ty tivg, tiegy
_—1dp N 0%u, 0%u, + 0%u, 2 ou, 0%*u, 0d%u, 0J%u,
T p oz 0x? = dy?  0z? at  9x?  dy? 0z?

Heat equation for Maxwell fluid
The heat equation in 3D Cartesian coordinates is:

or  oT 9T 9T _ (0°T 0T 9T
P e T gy Ty T2, T M\ Gxz T 9y2 T 322

Concentration equation for Maxwell fluid in 3D
The concentration equation in 3D for Maxwell fluid is a
transport equation for the scalar concentration field

C(x,y,z,t):
ac ac ac ac a%c , 9%c . 9%c
pat+u"ax+u3’ay+uzaz_D(ax2 ay2+az2)

Where:

o C(x y z t) is the concentration of the species in the
fluid.

o pis the density of the fluid.

* Uy, Uy, u, are the velocity components in the x, y and z
directions.

o D is the diffusion coefficient.

d%c | 9%*c | a%*c s

— + — + —are the second derivatives of concentra-

dx2  0y? = 0z2

tion with respect to spatial coordinates, respresenting

diffusion in the respective directions.



2482

Sigma J Eng Nat Sci, Vol. 44, No. 4, pp. 2473-2508, August, 2026

In the x-axis and y-axis, the components of velocity are
represented by # and #, respectively.Present body forces (f),
fluid viscosity, and pressure (p) are the variables involved
in the equation.This study uses Maxwell’s blood viscosity
model, which permits the viscosity coefficient to change in
response to the shear rate, therefore accounting for shear
thinning.

Non-dimensionalization of the Governing Equations

To obtain a dimensionless representation of the flow
and heat/mass transfer in the stenosed artery, the govern-
ing equations are nondimensionalized using the following
characteristic scales:

L=Rg U=Upay p=pU°, T=Ty—Ts, C= Cp— Cop

where, R, is the reference arterial radius, U,,,, is the peak
inlet velocity, and T,, an d C,, denote the wall temperature
and concentration, respectively.

The dimensionless variables are defined as:

X y u v p
SRR A TR TR
T'-T, , C—C,
o=—-"p="""

Substituting these into the dimensional continuity,
momentum, energy, and concentration equations yields the
nondimensional system:

V.u=0,

du 1
—+ @ Vu=-rp+ alﬂu — Ha?u + DeF (u),

ot
a0 1
@ - 2
5t + (u.7)o PrRe V%6 + Bro(u),
o9 +@W. "¢ = Ly
ac ¢= ScRe ¢

where, the dimensionless groups appearing above are:

U L C U ByL
‘R=p ,PT=—Mp,Sc=i,De=/1—,Ha= Sy
U k pD Julo

and the stenosis ratio is defined as

SR = Ro—Rmin
Ry

Here, F(u) denotes the dimensionless viscoelastic con-
tribution (for the Maxwell or Oldroyd-B model), ®(u) is
the viscous dissipation term, and B, is the applied magnetic
field strength. These nondimensional equations form the
basis for the numerical simulations and the PINN training
described in subsequent sections.

Maxwell Blood Flow in Coronary Arteries by Using
Pinns Model

The detailed computational procedure of the proposed
Physics-Informed Neural Network (PINN) [62] for Maxwell
blood flow in stenosed coronary arteries is summarized in
Algorithm 1. The algorithm demonstrates how the govern-
ing physical laws including continuity, momentum, energy,
and concentration equations are embedded into the neural
network learning framework. The process begins with ini-
tialization of geometry and physical parameters, followed
by residual computation for each governing equation.The
integrated loss functional, comprehensive both empiri-
cal data distinctiveness and physics-informed remnant, is
repetitively undersized via the Adam stochastic upgrading
design.The training continues until convergence, and the
final network outputs velocity, pressure, temperature, and
concentration distributions. The step-by-step structure of
the algorithm is given in Table 1.

In the Physics-Informed Neural Networks (PINNs)
framework, the governing equations for continuity,

Table 1. Algorithm 1: Physics-Informed Neural Network (PINN) framework for Maxwell blood flow in stenosed coronary

arteries

Step Description

1 Input: Define geometry of stenosed artery, Maxwell fluid parameters (A, 4), boundary conditions, and collocation points
for training.
Initialization: Casually stimulate neural network weighs 6 and partiality; finalizing learning rate # and streamline (Adam).
Forward propagation: For every drop point, evaluate expected velocity u, pressure p, temperature T , and concentration C
from the neural network.

4 Residual computation: Estimate remnant of the rulling equations: continuity, momentum, energy, and concentration
equations.
Loss formulation: Devise total loss function L = Lyt Lyjyicr Where Ly, . depict the mean- squared leftover of all PDEs.

6 oL

Parameter update: Put on Adam optimizer to lessen L and upgrade parameters 6 « 6 —n .

Convergence check: Reiterate Steps 3-6 until loss is underneath the endurance or maximum periodattained.

Output: Acquire final specialty of velocity, pressure, temperature, and concentration for the concentrated realm.

Post-processing: Envision outline of flow fluctuation and compare with FVM results for verification.
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momentum, heat, and concentration are embedded into the
neural network’s loss function. The network predicts veloc-
ity, pressure, temperature, and concentration fields, and the
residuals of each equation are computed at randomly sam-
pled collocation points within the domain.

These remaining assist as numeric assess of the scale to
which the model prophecy stick to the controlling physical
laws. The bulk loss functional include leftover impact from
all rulling equations, moreover to sanction originating from
perimeters and beginning conditions invasion. Through
repetative understating employing improved refinement
algorithms such as Adam and L-BFGS, the system thor-
oughly dimiinish these remainings, thus implementing
steadiness of the expected fields with the basic physical
principles across the whole computational realms.

In the background of blood flow among coronary arter-
ies, blood is adapted as a Maxwell fluid, which report for
both elastic and viscous impact.The governing equations
for Maxwell fluid in a three-dimensional domain with ste-
nosis are as follows:

Continuity equation (conservation of mass)
The continuity equation in 3D for a fluid is:

V.u=20

Where u = (u,, uy, u,) is the velocity field. The residual
for the continuity equation in the PINNs method is:
on, Y on, on,
x| 9y = 0z

fcont

The corresponding loss function is:

NCOTLt

Z |fcont(xu Yi, Zi, t )l

Lcont -
cont

Momentum equation for Maxwell fluid
The momentum equation for Maxwell fluid in 3D is
given by:

A S S +,1(au v
o+ @ u—p P+ uvu pr .‘l'),

Where: u = (u,, u,, u,) is the velocity field, p is the pres-
sure, p is the density, ¢ is the dynamic viscosity, A is the
Maxwell relaxation time.The residual for the momentum
equation in the x-direction is:
on, 0w,  on,

= — ﬁ _ _—
fmomx ot + 0y ox y ay

o, 1 61?
z + -
0z p ox

+1 +1 uvi,

The momentum equation residuals for the y- and
z-components are similarly defined. The total loss for
momentum is:

Limom = Lmomx + Lmomy + Lmomz

Heat equation
The heat equation in 3D for Maxwell fluid is:

aT .
pcpa+u.l7T=k|7 T

Where: T = (x, ¥, z, t) is the temperature, p is the density,
¢, is the specific heat capacity, k is the thermal conductivity.
The residual for the heat equation is:

at s at . ot , af <32% a2t a%)
fheat 3.0 3.0 Py

Pepge Tlag Tl tteg, ~ oz T o2 T a2

The heat equation loss is:

Nheat

Z | freat (X0 Vi 2o t)1?
=

Lheat = N_

Concentration equation
The concentration equation for Maxwell fluid is:

ac
Por T U VC =DViC

Where: C = (x, y, z, t) is the concentration, D is the dif-
fusion coefficient. The residual for the concentration equa-
tion is:

a 5 aC , ol Aac

22¢ 920  92C
fconc p6t+ xa+yay+ za_ <_ 3.2 T3 2

0x?  dy? 0z2

The concentration loss is:

Nconc

Leone = Z | feone (X0, Yir i, tz)l

conc n
i=1

Total loss function for PINNs
The total loss function incorporating all the equations
is:

Ltotal = Lcont + Lmom + Lheat + Lconc

The PINNs method minimizes this total loss function
through a gradient-based optimization technique, such
as Adam, to obtain the solution of the Maxwell fluid flow
equations.

Comparison with Finite Volume Method (FVM)

The limited Volume Method (FVM) comprise a essen-
tial numerical groundwork for the solution of partial dif-
ferential equations (PDES). Within this development, the
computational realm is segmented into a confined set of
manage volumes, and fluctations are scrupulously analyzed
across the associate of these volumes to implement local
conservancy principles. The rulling equations for Maxwell
fluids are segregated over these control volumes, foremost
to a system of algebaric equations that is resolved repeat-
edly through the following technique:
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o Spatial categorization of the domain into confined con-
trol volumes.

o Approximation of governing PDEs via flux interpola-
tion schemes and finite difference representations.

o Iterative solution of the resulting nonlinear algebraic
system using pressure-velocity coupling algorithms
such as SIMPLE, SIMPLEC, or PISO.

o Execution of boundary requirements next to rigid
conservation of mass. Momentum, energy, and genus
concentration.

The FVM structure is acknowledged for its sturdiness,
numerical stability and strong conservation properties,
producing it a foundation of practical computational fluid
dynamics (CFD) imitations.Nevertheless, its computa-
tional cost escalates significantly for geometrically intricate
domains, such as stenotic coronary artery models.

In contrast, Physics-Informed Neural Networks
(PINNS) provide a mesh-free alternative by embedding the
governing physical laws directly into the loss functional of a
neural network. This strategy evade definite partition, facil-
itating direct simulation of PDE solutions. When limked
with GPU- accelerated practice, PINNs proposes probable
computational benefits for enormous complexityies, inspite
of the fact that their precision remnant detachment upon
network building design, practice plans, and enhanced
potency.

Stenosis Levels and Blood Flow Analysis by Using Finite
Volume Method

For various stenosis levels in coronary arteries, the flow
attribute such as velocity, temperature dispersion, pres-
sure and concentration are affected by the impeding of the
artery. Higher stenosis conduct to superior pressure drops,
modified flow profiles, and alters in heat and mass trans-
fer. The PINNs method can efficiently capture these effects
by directly solving the governing equations, whereas FVM
relies on grid refinement to resolve such details. We apply
the Finite Volume Method (FVM) to solve the governing
PDEs for Maxwell blood flow in coronary stenosis regions.
We consider the following equations: - Continuity equa-
tion (conservation of mass)- Momentum equation- Heat
equation- Concentration equation. Each of these equa-
tions is discretized using the FVM, which is a control-vol-
ume-based method, in order to obtain an approximate
solution to Maxwell fluid dynamics in 3D.

Continuity equation (conservation of mass)
The continuity equation in 3D for a fluid is:

V.u=20

Where u = (u,, u,, u,) is the velocity field. To apply the
Finite Volume Method, we integrate the continuity equa-
tion over a control volume V) bounded by surfaces A (the
faces of the control volume):

V.udV =0

Vi
Using the divergence theorem, this becomes:

f u.fdd =0
Ak

Where 71 is the unit normal vector on the surface A,.
The fluxes u.f are computed at the control volume faces,
and the discretized form is:

A
ufanf =0
feavy

Where Ay is the area of the face f, and u; is the veloc-
ity at the face, computed using interpolation methods (e.g.,
linear or central differencing). The discretized continuity
equation can then be written as:

1
feaVy

Where At is the time step.

Momentum equation for Maxwell fluid
The momentum equation for Maxwell fluid in 3D is
given by:

O = Lop s prrusa (o )
5 u—p P+ uviu (6t .T

Where: u = (u,, u,, u,) is the velocity field, p is the pres-
sure, p is the density, ¢ is the dynamic viscosity, A is the
Maxwell relaxation time.

To apply FVM, we integrate the momentum equation
over a control volume V;:

Jou 1
f —dV+ | WVudV = —f —VpdV + f uvudv
Vi at Vi Vi P

Vi
ou
+J’ A(——V.T)dV
Vi ot

Using the divergence theorem to convert volume inte-
grals to surface integrals, we get:

1
k

f€Vy feovy
du
f
+2 Z 74
feovy

Discretizing the terms, the resulting equation for the
momentum equation in each direction (x, y, z) is:
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feEaVy fEIVy

Z prhpAy

feavy
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Heat equation for Maxwell fluid
The heat equation in 3D for Maxwell fluid is:

aT 5
pcpE+u.l7T=kl7 T

Where T is the temperature, ¢, is the specific heat, and k
is the thermal conductivity.
Integrating the heat equation over a control volume V:

kv?Tdv

Vi

aT
pep=-dv + f u.Vrav =
Vi ot Vi

By using the divergence theorem:

Ty — Tk - K2
feoavy feavy feavy

The equation is discretized to update the temperature
field in each control volume and to calculate the corre-
sponding heat flux.

Concentration equation for Maxwell fluid
The concentration equation for Maxwell fluid is:

aoCc )
p e +u.VC =DVC
Where C is the concentration and D is the diffusion
coefficient.
Integrating the concentration equation over a control
volume V.

oc
p—dV—I—J. u.VCdV=f DVv2cdv
Vi at Vi Vi

Using the divergence theorem:

Cr— Cy _ )
fEdV feEIVy fEIV

This discretized form is used to compute the concentra-
tion distribution at each control volume. The Finite Volume
Method (FVM) has been applied to discretize the govern-
ing equations for Maxwell blood flow in coronary stenosis
regions. Each equation (continuity, momentum, heat, and
concentration) is integrated over control volumes, and the
fluxes across the control volume faces are computed.

These categorized equations are then figured out
repeatedly to upgrade the solution at each step. This tech-
nique is particularly potent for processing intricate fluid

flow problems in uneven geometries, such as coronary
stenosis. All directive values utilized in this research were
chosen to reflect physiologically realistic conditions and to
align with previously validated literature on coronary blood
flow modeling. Properties such as blood density, viscosity,
relaxation time, thermal conductivity, and specific heat
were adopted from established biomedical and hemody-
namic sources, thereby ensuring consistency with physio-
logical ranges. The dimensionless numbers (e.g., Reynolds,
Prandtl, and Schmidt numbers) were also chosen to reflect
typical coronary artery flow conditions, allowing a mean-
ingful comparison between the Physics-Informed Neural
Network (PINN) and Finite Volume Method (FVM) sim-
ulations. This ensures that the results are not arbitrary but
are biologically and physically representative of real arterial
behavior under normal and stenosed conditions.

Computational Mesh

In the Finite Volume Method (FVM) applied to stenosed
coronary arteries, the computational domain is divided into
small control volumes that conform to the complex arterial
geometry. The continuity, momentum, energy, and concen-
tration equations are integrated over each control volume,
transforming the governing differential equations into alge-
braic form.

For radiative tenure, second-order upwind program are
typically engaged to enhance precision, while middle dis-
crimination is employed for diverging instability. Pressure-
velocity coupling is then resolved using methods such as
SIMPLE or PISO, which help preserve mass and momen-
tum conservation.The mesh is refined near the stenosis and
arterial walls using boundary layer inflation to accurately
capture steep velocity and pressure gradients.

Commercial software ANSYS Fluent was used to mesh
the idealized models with different degrees of blockage of
the LCA. The examination of the mesh independent test
was conducted using various combinations of mesh com-
ponents. In order to examine the flow behavior close to
the artery wall, three levels of inflation are introduced. A
sphere with an influent size of 2 mm has been introduced in
order to capture the flow behavior close to the stenosis loca-
tion. There are 602225 fragments in the conclusive mesh
that was employed in the numerical simulation. The mesh
geometry is displayed beneath Figure 5.

Mesh Independent Study

Commercial software ANSYS Workbench was used to
mesh the geometric model. Between 118,538 and 703,353
have been reported to be the range of fineness for the two
distinct meshes. The most practical grid size is determined
by running five simulations with three distinct grid sizes.
Next, 1000 cycles of testing are performed using the mesh
file imported into the commercial program ANSYS Fluent.
602225 components make up the final grid that will be uti-
lized for additional research.



2486

Sigma J Eng Nat Sci, Vol. 44, No. 4, pp. 2473-2508, August, 2026

0.000 0.020

0.040 (rm)
]

0.010 0.030

(a) Meshing of coronary healthy artery

Figure 5. Meshing of coronary artery.

A mesh-independent study was necessary to ensure that
the simulation results were not influenced by the discret-
ization size but purely represented the physical behavior
of blood flow in stenosed arteries. In computational fluid
dynamics (CFD), an overly coarse mesh can lead to numer-
ical errors, while an excessively fine mesh increases compu-
tational cost without significant improvement in accuracy.
Therefore, simulations were performed with progressively
refined meshes, and key parameters such as velocity, pres-
sure, and wall shear stress were monitored. The results sta-
bilized beyond a certain refinement level, indicating grid
independence. In this study, a fine mesh with approximately
600,000-650,000 elements and enhanced boundary-layer
refinement near the arterial wall provided numerically sta-
ble and convergent results, balancing both accuracy and
computational efficiency.

Boundary Conditions

This study’s establishment is the transient pulsatile
speed profile of a left coronary corridor (UDF), which is
defined as the velocity input boundary condition and is
written in C programming language. The velocity profile
enters the intake fully formed. A parabolic velocity pro-
file is present. As outlet limit conditions, the outpouring
condition was utilized. Since it was accepted that the vein
wall was firm, or at least, u = 0, the no-slip limit condition
was applied. ANSYS Familiar was utilized to do the whole
numerical recreation. There were no energy and intensity
transport conditions that could be settled. The second-re-
quest upwind technique for the strain speed couple, which
is utilized for the discretization of administering conditions,
was joined with the basic estimation way to deal with com-
plete the calculation. For every 0.01 time step, 1000 cycles

0.000 0.040

0.080 (m)
0.020 0,060

(b) Meshing of coronary stenosed

were run. Three cardiac cycles were simulated for cyclicity
assurance, and the second cycle’s findings were obtained.

For the present analysis of Maxwell blood flow in a ste-
nosed coronary artery, appropriate boundary and initial
conditions are prescribed to ensure a well-posed problem.
The boundary conditions applied to the governing equa-
tions are expressed as follows:

Inlet boundary (pulsatile velocity profile)
At the artery inlet, a fully developed, time-dependent
parabolic velocity profile is imposed:

2

r
w(r, t) = Upax (t) (1 _R_2>'0 <r <R,

where

Unmax (@) = Up[1 + Asin(wt)],

represents the pulsatile velocity with mean velocity U,
amplitude A, and pulsation frequency w. Here, R denotes
the local arterial radius and r is the radial coordinate.

Thus, the inlet velocity and scalar boundary conditions
are defined as:

u(r,t) = (u(r,t),0,0), T=T, C =C.

Outlet boundary (outflow condition)

At the outlet of the artery, a zero-gradient condition is
applied for all dependent variables to represent fully devel-
oped outflow:

6u_6v_6T_6€_0
ax dx dx odx



Sigma J Eng Nat Sci, Vol. 44, No. 4, pp. 2473-2508, August, 2026

2487

and the static pressure is set to a reference value:

P = Pour =0

Arterial wall boundary (rigid and no-slip condition)

The arterial wall is assumed to be rigid and thermally
insulated. Therefore, the no-slip velocity condition and adi-
abatic wall assumptions are expressed as:

u=v=w=0,onr =R(x),

and

6T_06C_0 — R
5y =05, = ,onr = R(x).

Initial conditions

At the initial time (¢ = 0), the flow field is assumed to be
quiescent, and both temperature and concentration fields
are uniform:

u(x,7,0) =v(x,r,0) =0, T(x,r,0)=T, C(x,7r,0) =C.

Neural Network Architecture and Training Strategy

In the present study, the Physics-Informed Neural
Network (PINN) was constructed as a fully-connected
feed-forward network designed to approximate the veloc-
ity, pressure, temperature, and viscoelastic stress fields
governed by the Maxwell model. The network consists of
8 hidden layers, each containing 40 neurons, which offered
the best balance between efficiency and accuracy after sev-
eral architecture-testing experiments. For all hidden lay-
ers, the hyperbolic tangent (tanh) activation function was

employed due to its smoothness and ability to approximate
higher-order derivatives required in PDE residual compu-
tation. The output layer uses a linear activation to ensure
unrestricted prediction ranges for physical variables.

The network weights were initialized using Xavier
initialization. Training was performed using a two-stage
optimization strategy: (i) the Adam optimizer with a learn-
ing rate of 107 for coarse-scale convergence, followed by
(i) L-BFGS quasi-Newton optimization for fine-scale
refinement of the loss landscape. The total loss function
was formulated as a weighted combination of PDE resid-
ual loss, boundary loss, and data loss (when applicable).
Approximately 50,000 collocation points were sampled
using Latin Hypercube Sampling to enforce the govern-
ing equations throughout the computational domain. The
model was trained for 60,000 epochs, and convergence was
achieved with a relative residual below 10*. A training-loss
convergence curve has been added to demonstrate numeri-
cal stability and learning consistency.

The lessen loss curve of the Physics Informed Neural
Network (PINN) demonstrate a sleek and flatter decrease
as the number of era increases, containing firm learning
deportment and efficient convergence of the enhancement
method as shown in Figure 6. Throughtout the starting
lessen stage, the network swiftly decreases the combined
loss beceause the Adam refiner fabricate large parameters
remake. As lessen continues, the deteriorate turn more pro-
gressive, representing that the PINN is advancing upgrad-
ing its simulation of the rulling Maxwell flow equations and
boundary stipulations. Approximately 40,000 times, the
loss curve stabilize, proposing that the model has appealed
a near- ideal state with very small lingering mistake. The
deficiency of oscillations or deviations additionally suggest
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Figure 6. PINN training loss convergence curve.
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numerical steadiness and assist the aptness of the preferred
activation functions, network depth, and the expression
point dispension. Generally this graph verify the consis-
tency and the confluence efficiency of the recommended
PINN-Maxwell framework.

The structural diagram represent the PINN arrang-
ment employed to model blood flow and heat transfer in
stenosed coronary arteries. It contain an input layer for spa-
tial- temporal coordinates, eight hidden layers with 40 neu-
rons each, and a linear output layer that forecast velocity,
pressure, and temperature fields.

The intense multi-tiered layout assist the network get
the nonlinear viscoelastic behaviour of Maxwell fluids
and the geometric complication prompted by arterial ste-
nosis. Level activation functions such as tanh are utilised
to hold the model differentiable, which is mandatory for
assesing the high-order derivatives requisite in the PDE lin-
gering. Generally the Figure 7 illustrate that the network
is both revealing enough to grab composite hemodynamic
behaviour and productive enough to endure computation-
ally practical, while also upgrading the transparency of the
PINN technique.

Data-driven loss term L ,,,

Furthermore to the physics-informed remaining terms,
an supplementary data-driven loss element was included
to enhance numerical steadiness and prescient precision
in areas categorized by sheer gradient, specifically within
the stenosis section of the coronary artery. This term pro-
vides additional supervision by guiding the PINN solution
toward reference values obtained from the Finite Volume
Method (FVM), without requiring full-field data through-
out the domain.

The data loss is defined as

Figure 7. PINN architecture overview.

Ng
1
Laate = N_dz (”ue(xi:ri) —uf"™M||* + ||pe (xi ) — PfVM”Z).
=1

where, N, represents the number of FVM data points
selected in critical regions of interest, u, and py denotee the
PINN-predicted velocity and pressure fields, and uf "™, pf"™
are the corresponding FVM reference values.

Incorporating L, ensures that the network respects
both the underlying Maxwell flow physics and the numer-
ical trends obtained from high-fidelity simulations. This
hybrid physics—data strategy improves convergence behav-
ior, prevents unrealistic oscillations near high-shear zones,
and enhances the overall predictive capability of the pro-
posed PINN-Maxwell model. Accordingly, the complete
loss function is expressed as,

Ltotat = Lppg + Lpc + Laata-

RESULTS AND DISCUSSION

By Using PINNS

Physics-Informed Neural Networks (PINNs) capture
parabolic velocity distributions in healthy arteries by learning
solutions that satisfy both the governing Navier-Stokes equa-
tions and the boundary conditions directly within their loss
function. By enforcing the no-slip condition at the arterial
walls and continuity at the centerline, the network naturally
reconstructs the characteristic parabolic (laminar) velocity
profile typical of physiological blood flow. The embedded
physics ensures smooth and physically consistent velocity
gradients across the artery, even without explicit meshing.
When compared with Finite Volume Method (FVM) results,
PINNs produce nearly identical velocity distributions with
minimal deviation in peak centerline velocity and wall shear
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stress demonstrating strong agreement and validating the
accuracy and stability of the PINN-based approach for mod-
eling laminar flow in healthy arteries.

PINN imitation of stenosed srteries revealed individ-
ual fleeting flow rule and wall shear stress (WSS) dispen-
sation attribute of vibrating, non-Newtonian blood flow.
Throughout the systolic acceleration phase, high velocity
jets combined peripheral to the stenosis, pouring distinct
flow division and circulation region in the post-stenotic area.
These irregular vortical framework demonstrated transient
variations, emphasizing resilient dynamics and viscoelastic
flow compensation. WSS pointed suddenly at the stenotic
throat overdue to lifted velocity gradients, whereas signi-
cantly reduced and oscillatory profiles demonstrated in
resultant recirculation fields. Such WSS oscillations enduring
intense clinical significance, as they are involved in endothe-
lial dysfunction and atheromatous monument innovations.
Overall, the PINNs framework successfully captured these
dynamic flow transitions and spatial variations in WSS with
high temporal resolution, closely matching the physical
trends reported in physiological and CFD-based studies.

The Figure 8 (a), showcases the velocity distribution for
Maxwell blood flow along the x - axis (axial direction) and
y - axis (radial direction) at t = 1s. The maximum velocity is
observed near the centerline (y = 0), with a gradual decrease
toward the boundaries due to the no-slip condition. This
parabolic velocity outline is steady with the laminar flow
behaviour of a Maxwell fluid in a thin artery. The contrary
pressure gradient along the central edict assistance to the
diminution in the velocity as it advances, and the result
arranges closely with conceptual anticipations, emphasiz-
ing the competency of Physics I nformed Neural Network
(PINNSs) to grab spatial variations in non-Newtonian blood
flow with high precesion.

3D Velocity Profile at t=1s
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(a) 3D velocity profile at t = 1s.

The Figure 8 (b), illustrates the temporal evolution of
velocity along the radial axis y at a fixed axial position (x
= 0.025 cm). At early times (t < Ls), the velocity exhibits
dynamic behavior, indicating transient flow conditions that
stabilize as t progresses.

The prominent near-wall inclines highlight the model’s
yield-stess features, which apply a direct impact on wall
shear stress. The velocity moderates slowly in the radial
direction, stable with the no-slip boundary condition.
These contour declare to the area of PINNS to solve spatial
and temporal modification through sleek, continuous sim-
ulations. In contrast with Finite Volume Methods (FVM),
PINNS give outstanding integrity in showing fleeting sensa-
tion and complex flow structures, depecting them a intim-
idating structure for blood flow modeling in both clinical
and research background.

The Figure 9 (a), the 3D heat transfer simulation in the
normal artery presents a smooth and uniform temperature
distribution across both the length and radius of the ves-
sel. The simulation indicates that the temperature remains
nearly uniform along the artery, with only a gradual varia-
tion in the radial direction.

In the ordinary artery, the temperature dispension
ranges from about 20°C to 22°C, proposing that the heat
transfer process is largely uninterrupted. This consistency
originate from the lack of flow resistance, which let ther-
mal energy to scatter smoothly throughout the vessel. The
surface plot moreover validate a well-adjusted temperature
field, creating a standard for associating with more complex
cases such as setnosis.

The Figure 9 (b), the 3D heat transfer model in the ste-
nosed artery display obvious evacuation from the behaviour
noticed in the normal artery. Within the stenotic portion,
prolonged from about 40% to 60% of the vessel length, the

3D Velocity Slice at x=0.025m
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(b) 3D velocity slice at x = 0.025m.

Figure 8. 3D graphs for velocity of blood flow in coronary artery.
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temperature is mainly raised as compared to the residual
segment of the artery. More particularly, the thermal field
increases from thr normal range to a considerably higher
level within the constricted region.

This increase in temperature is primarly traceable to the
blocked blood flow prompted by the arterial compression,
which damages the effective transport and degradation of
heat. The surface depiction disclose a marked thermal rapid
increase in the stenotic region, consequently highlighting

Heat Transfer in Normal Artery

(a) 3D graph for heat transfer in healthy artery.

the restricted heating effect. Such behaviour is completely
steady with the expected thermal reaction in narrowed ves-
sels, where flow limitation heightened resistance, elevates
energy accertion and produce sharper temperature gradi-
ents. As a result, the raised temperature in the stenotic zone
contemplate the upgraded thermal degradation. Linked
with the flow impedance.

Figure 10 illustrates the axial variation of temperature in
both the normal and stenosed arteries.

Heat Transfer in Stenosed Artery

€ry (m) 1.0

(b) 3D graph for heat transfer in stenosed artery.

Figure 9. 3D graphs for velocity of blood flow in coronary artery.
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Figure 10. Representation of line graphs for heat profile for coronary artery.



Sigma J Eng Nat Sci, Vol. 44, No. 4, pp. 2473-2508, August, 2026

2491

In the ordinary artery, the temperature confined nearly
constant along the whole length, with only small changes,
illustrating steady thermal dissipation. Conversely, the ste-
nosed artery demonstrate obvious temperature increase in
the locality of the compressed portion, showing the exten-
sive thermal accertion generated by limited blood flow and
raised flow resistance. This highlights the effect of stenosis
on heat transfer dynamics.

Table 2 presents the sensitivity of the PINN-Maxwell
model to variations in key dimensionless parameters

controlling viscoelastic and thermal transport behavior.
Increasing the Deborah number and relaxation time leads
to lower velocity magnitudes because the fluid’s elastic
resistance becomes more pronounced, while the tempera-
ture rises due to greater energy storage and dissipation
within the flow. In the same way, larger stenosis ratios
intensify the flow disturbance in the narrowed region,
which creates localized heating. The magnetic parameter
applies an opposing Lorentz force that suppresses motion,
but it also contributes to higher heat generation through

Table 2. Influence of key parameters on flow and thermal characteristics for the PINN-Maxwell model

Parameter Effect on Velocity

Effect on Temperature Physical Reason

Deborah number (Det) Decreases (1)

Increases (T) Higher elasticity in the Maxwell
fluid enhances resistance to
deformation, which suppresses
velocity and increases internal

frictional heating.

Relaxation time (AT) Decreases ({)

Higher fluid recollection
suspend velocity retrieval and
stores more elastic energy,
creating partial heat innovation.

Increases (T)

Stenosis ratio (5T) Increases locally (T)

Arterial compressionspeed

up flow in the throat region,
upbringing viscous degradation
and surface temperature.

Increases (T)

Magnetic parameter (MT) Decreases (1)

Lorentz force stifle fluid motion
but produces Joule heating due
to electromagnetic resistance.

Increases (T)

Prandtl number (PrT) Decreases (1)

Magnified thermal diffusivity
upgrades faster heat
conreduction and lessen local
temperature gradients.

Decreases (T)

0.80 -
0.78 -
0.76 -
2 e
£ 074 =TT
> T
E= s
U
?O_. 0.72
>
=
é 0.70 4 T T, CALVATI L,
e T T T
"’___._- ........
- — A=0.2s
0.68 | -
r ——- A=0.5s
—-- A=0.8s
0.66 | B=0.3
..... B=0.5
...... B=0.7
0.64 -

T T
0.020 0.025

Axial Position (m)

T T T T
0.000 0.005 0.010 0.015

T
0.030

T T
0.035 0.040

Figure 11. Velocity profiles for various relaxation times and stenosis ratios.
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electromagnetic work. On the other hand, a higher Prandtl
number enhances thermal diffusion and therefore reduces
the temperature gradient. These combined effects reveal the
intricate coupling between viscoelasticity, electromagnetic
forces, and geometric constriction in the thermal-hydro-
dynamic response of Maxwell-type blood flow in coronary
arteries.

Figure 11 illustrates the changes of axial velocity
across the artery for various relaxation times A and ste-
nosis ratios (B) in the PINN-Maxwell model. it is obvious
that as A increases, the velocity magnitude decreases due
to the improved viscoelastic resistance and overdue fluid
relaxation. On the other hand, a higher stenosis ratio (j3)
indication to a restricted acceleration of blood flow near
the confined section, monitored by a quick decrease down-
stream. These nonlinear geometery feature the competence
of PINNs to precisely seize complex flow dynamics and
elastic memory outcomes in stenosed coronary arteries.

By Using ANSYS
Results and discussion by using ANSYS are discussed
as follows:

Case:01(for coronary healthy artery)

In the process of meshing a healthy coronary artery, the
software typically displays information such as the number
of cells or elements, faces of elements, and total nodes gen-
erated to represent the arterial geometry accurately. This
data helps to ensure an appropriate mesh resolution for
computational simulations or analysis as given in Table 3.

Table 3. Data of mesh size

Cells
602225

Nodes
7886

Faces
76748

Table 4. Data of mesh quality

Name Type Main Orthogonal Max Aspect
Quality Ratio
Fluid domain Tet Cell 0.034584715 107.16626

Table 5. Models

Model Setting
Space 3-D
Time Steady
Viscous Laminar
Heat Transfer Abled

Meshing software commonly reports metrics such
as aspect ratio, orthogonality, and element skewness to
evaluate mesh quality during generation. For precise and
trustworthy computer simulations or assessments of the
coronary artery, this information is essential as given in
Table 4.

Software might also show the coronary artery models
is given in Table 5 that were created in addition to mesh
quality information. With the use of visualization and fur-
ther analysis, these models, which depict the geometric
structure of the artery, help to clarify arterial anatomy and
pathophysiology.

Data on material values utilized in the simulation are
included in the proposed model along with reference
values for comparison is given in Table 6 and Table 7.
Elasticity, density, and viscosity are amid the material vari-
ables that are involved in this list since they are essential
for correctly portraying how the coronary artery performs
in many circumstances. The accuracy and steadiness of
the model for modeling physiological or pathological tri-
als may be confirmed by linking these results with refer-
ence data.

Table 6. Data of material properties

Fluid Non-Newtonian
Density 1060kgm’
Specific Heat 4182]kg' K*
Thermal conductivity 0.6Wm! K"
Viscosity 0.001003kgm™ s
Molecular Weight 18.0152kgk™* mol*
Solid Aluminum
Density 2719kgm’
Specific Heat 1006.43Jkg' K!
Thermal Conductivity 0.0242Wm* K*!

Table 7. Data of reference values

Area 1m?

Density 1060kgm’>
Enthalpy 10Jkg*

Length Im

Pressure 80Pa
Temperature 288.16K

Velocity Ims™

Viscosity 1.7894e% kgm™* s
Ratio of specific heats 1.4

300

Fluid domain

Y plus for heat transfer Coefficient

Reference Zone
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The coronary artery model simulation or analysis’s state
of completion is indicated by the solution status, which is
given in Table 8 and graphically representation of conver-
gence is shown in Figure 12. It assist in managing the com-
puting technique, permitting precise model managment
and rapid solution of problems.

In the Figure 13(a), the behavior of static pressure in a
healthy coronary artery is influenced by principles of fluid
dynamics, particularly Bernoulli’s principle. At the arterial
inlet, static pressure reaches its maximum due to the high
pumping force generated by the heart.

As blood headways towards the outlet, standing pres-
sure drops mainly beceause of viscous losses from friction
betwwen the blood and the arterial walls. The partition
of arteries into smaller vessels also increases resistance,
donating more to the pressure drop. This pressure circula-
tion helps effectual blood flow through the coronary distri-
bution and confirms an satisfactory supply of oxygen and
nutrients to the myocardium.

In the Figure 13 (b), in a healthy coronary artery outline,
the total surface heat flux remnants roughly continuous

Table 8. Solution status

from the inlet to the outlet. This reliable heat-flux behaviour
may be credited to the stable metabolic bustle of the arterial
walls and the steady flow of blood, which enables effective
heat transfer. The mingling of medium and high-flux areas
specifies a uniform circulation of thermal energy across
the artery. Such consistency encourage operative thermal
guideline and aids to sustain the ideal temperature required
for physiological function.

In the Figure 13(c), from the inlet to the outlet, the total
temperature in the contour of a healthy coronary artery
remains nearly constant, with a minimum value of. This
uniform distribution may be explained by the blood flow’s
efficient thermal regulation, which maintains a stable arte-
rial temperature. The blood entering the coronary artery
is maintained at an optimal temperature by the body’s
homeostatic processes, and the steady flow reduces signifi-
cant temperature fluctuations. Furthermore, the blood dis-
tributes the metabolic heat generated by the arterial walls
uniformly, creating a consistent temperature profile along
the artery.

Equations Value Absolute Criteria Convergence Status
Continuity 5.765229¢ le% Converged
x-velocity 1.467832¢™ le% Converged
y-velocity 1.428873¢% le% Converged
z-velocity 2.023002¢% le% Converged
Energy 1.3775e¢ le% Converged
1.00e+0 continuity
— x-velocity
1.00e-3 y-velocity
z-velocity
L — anergy
n 1.00e—6 \ = K
=
E omega
3 1.00e—-9
o
1.00e—-12
1.00e—15
|
500 1000 1500 2000
Iterations

Figure 12. Representation of Residual for Coronary Healthy.
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Ansys
2023 R2

STUDENT

Y

(a) Representation of static pressure of blood flow
through healthy artery.

Ansys
2023 R2
STUDENT
FT—
v
8.250+02
8.25e+02
| = —
(c) Representation of static temperature of blood
flow through healthy artery.
Ansys
2023 R2
STUDENT

(e) Representation of radial velocity of blood flow
through healthy artery.

Ansys
2023 R2
STUDENT

(b) Representation of total surface heat flux of blood
flow through healthy artery.

Ansys
2023 R2

STUDENT

(d) Representation of wall function heat transfer
coefficient of blood flow through healthy artery.
Ansys

2023 R2
STUDENT

(f) Representation of wall shear stress of blood flow
through healthy artery.

Figure 13. Representation of static pressure, total surface heat flux, static temperature, wall function heat transfer coeffi-
cient, radial velocity and wall shear stress of blood flow through healthy artery.

In the Figure 13(d), The wall function heat transfer coef-
ficient, which ranges from 2.48¢**Wm™> K™ to 6.31e**Wm
K, is constant in the provided contour of a healthy coro-
nary artery from the intake to the outlet. Initially, because of
the high blood flow velocity and turbulence at the entrance,
the red zone denotes a higher heat transfer coefficient.The
blue zone specifies the steadiness of the coefficient as blood
moves the artery, proposing operative heat transfer across
the arterial walls. This homogenity certifies that heat con-
structed by metabolic method is proficiently dispersed, sta-
bilizing prime arterial function and temperature directive
across the whole artery.

In the Figure 13(e), a healthy coronary artery’s contour
shows that its medium value of 5.23¢%ms™, shown by the
green zone, indicates the constant radial velocity from the
intake to the outlet. The constant radial velocity indicates
steady and well-regulated blood flow throughout the artery.
Blood streams efficiently and laminaly acorss the arterial
wall, avoiding substantial differences in the velocity outline
through the wall and resilient a constant radial velocity.
This steadiness improves the overall health and function of
the coronary artery by certifying effective flow and decreas-
ing shear stress on the arterial walls.
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In the Figure 13(f), in the outline of healthy coronary
artery, wall shear stess(WSS) achieves its supreme at the
inlet zone, attaining a value of on the red region. This high
WSS is initiated by the speedy acceleration of blood as it
withdrawls the heart and go in the artery. In the blue zone,
WSS decays to as blood growths toward the leakage. This
decline is recognized to the conversion towards more lam-
inar and steady flow, which decreases the frictional forces
substitute between the blood and the arterial walls. The reg-
ular decline in WSS aids to defend the arterial walls from

Extreme mechanical stress and to sustain the artery’s
fundamental integrity and functionality.

Case: 02 (for coronary artery in the presence of
trapezoidal-shaped stenosis)

During meshing of a stenosis coronary artery, the soft-
ware typically displays information such as the number of

Table 9. Data of mesh size

cells or elements, faces of elements, and total nodes gener-
ated to represent the arterial geometry accurately. This data
helps ensure an appropriate mesh resolution for computa-
tional simulations or analyses as given in Table 9.

For precise and trustworthy computer simulations
or assessments of the coronary artery, this information is
essential as given in Table 10.

Software might also show the coronary artery models
is given in Table 5 that created in addition to mesh qual-
ity information. With the use of visualization and further
analysis, these models, which depict the geometric struc-
ture of the artery, help to clarify arterial anatomy and
pathophysiology.

Data on material values utilized in the simulation are
included in the proposed model along with reference values
for comparison is given in Table 11 and Table 12.

Table 13 presents a comparative assessment of the hemo-
dynamic and thermal parameters in healthy and stenosed
coronary arteries. The results demonstrate a pronounced
increase in wall shear stress (WSS) and peak heat flux within

Cells Faces Nodes . . .
the stenosed artery, driven by steep velocity gradients and
185889 380604 35693 . o . o . . .
intensified viscous dissipation in the constricted region.
Table 10. Data of mesh quality
Name Type Main Orthogonal Quality Max Aspect Ratio
Fluid domain Tet Cell 0.20208274 14.563754

Table 11. Data of material properties

Fluid Non-Newtonian(Blood)
Density 1060kgm>

Specific Heat 4182Jkg' K

Thermal conductivity 0.6Wm' K*

Viscosity 0.001003kgm™ s
Molecular Weight 18.0152kgk* mol*

Solid Aluminum

Density 2719kgm’

Specific Heat 1006.43Jkg* K*

Thermal Conductivity 0.0242Wm* K!

Table 12. Data of reference values

Area 1m?

Density 998.2kgm
Enthalpy 0Jkg*

Length 1m

Pressure 133Pa
Temperature 325K

Velocity 0.01ms*
Viscosity 1.7894e% kgm! 57!
Ratio of specific heats 1.4

Y plus for heat transfer Coefficient 300

Reference Zone Fluid domain

Table 13. Comparison of thermal and shear characteristics between healthy and stenosed coronary arteries

Parameter Healthy Artery Stenosed Artery
Maximum Wall Shear Stress (Pa) 0.0547 0.0654

Average Temperature (K) 325.0 330.5

Peak Heat Flux (W/in?) 6.61 x 10°1° 8.42 x 1071
Radial Velocity Gradient (m/4%) 0.0035 0.0058

Pressure Drop (Pa) 80 124
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A corresponding temperature rise of approximately 5 K is
observed, indicating localized thermal accumulation result-
ing from reduced cross-sectional area and increased energy
losses. In contrast, the healthy artery exhibits more uniform
flow patterns, lower shear stress levels, and stable heat trans-
fer behavior. These observations underscore the significant
amplification of both mechanical and thermal stresses due
to arterial narrowing, which may play a critical role in endo-
thelial injury and the progression of atherosclerotic plaques.

In the Figure 14(a), The artery’s narrowing has a major
impact on the static pressure behavior. Because of the strong
pressure the heart exerts to stimulate blood flow, the static
pressure at the first intake part reaches its maximum around
6.40e°" Pa (red area). Because of energy loss from friction
and flow resistance, the static pressure drops to 2.84¢°' Pa
(green area) as blood travels near the stenosis. According to
Bernoulli;s principle, blood stream across a stenosed portion

Ansys
2023 R2

STUDENT

T
202

(a) Representation of static pressure of blood flow
throughstenosis artery.

No=ys
(c) Representation of wall shear stress of blood
flow through stenosis artery.
Ansys

2023 R2
STUDENT

210802
211802

(e) Representation of radial coordinate mesh of
blood flow through stenosis artery.

practices a substantial decline in staticpressure (blue zone)
as velocity increases due to the reduced cross-sectional area.
This obvious pressure fall, representative of arterial con-
traction, mentioning the significant influence of stenosis on
hemodynamic behaviour and flow dynamics.

In the Figure 14 (b), the inert temperature dispersal in
the coronary artery curve with stenotic obstacle spreads its
maximum at both the inlet and outlet zone. This behaviour
imitates the active thermal directive and heat transport
properties of blood flow, which give to upholding a relatively
constant temperature profile through artery. Regardless of
the existence of stenosis, which considerably changes pres-
sure circulation and flow motion, physiological homeo-
static procedure turn to reserve thermal steadiness within
the distributary scheme. Such temperature constancy is
acute for supporting normal metabolic and enzymatic
methods, confirming that both blood and arterial tissues

Ansys
2023wz

STUDENT

2
2m02
]

(b) Representation of static temperature of blood flow
throughstenosis artery.

yhos-
\:,
d) Representation of angular coordinate mesh of
blood flow through stenosis artery.
i

N_

e

e
eontour

(f) Representation of axial velocity of blood flow
throughstenosis artery.

Figure 14. Representation of static pressure, static temperature, wall shear stress, angular coordinate mesh, radial coordi-
nate mesh and axial velocity of blood flow through stenosis artery.
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mainatin proper physiological function even under uneasy
floe conditions convinced by the barrier.

In the Figure 14(c), Along the artery, the wall shear stress
(WSS) behaves differently. WSS is initially at its highest 5.50e"
92 Pg at the red area at the intake part. The turbulence and fast
blood flow around the entry cause this high WSS.

As the arterial lumen contract upon entry into the ste-
notic zone, the operative flow zone decline, chaning the
local velocity circulation and shear properties. A obvious
decline in wall shear stress (WSS) iswitnessed in the low
shear (blue) zone, probably linked with flow parting or
redistribution region adjoining to the contraction. Within
the stenosis itself, restrained WSS levels (light green zone)
rise beceause of mutual proprties of geometric contraction
and flow motion. These spatial changes in WSS focus the
complex interaction among arterial grometry and hemody-
namic behavior under stenotic situations.

In the Figure 14(d), the angular coordinate in the pro-
vided contour of a coronary artery with stenosis occlusion
indicates variations in the direction of blood flow inside
the channel. The angular coordinate at the first part of the
inlet shows mixing; it ranges from 1.80e** deg at maximum
(red region) to -1.80e*"* deg at minimum (blue region). On
the other hand, the angular coordinate increases somewhat

Table 14. Solution Status

near the left side of the stenosis, peaking at 7.20e*"' deg
(light red area). This might be because of unequal flow pat-
terns brought on by the constriction of the stenosis.

In the Figure 14(e), the radial coordinate in the given
contour of a coronary artery with stenosis blockage first
appears slightly medium at the inlet portion 4.88¢% m,
with (light red region), decreases towards the outlet portion
1.50e m, with (blue region), indicating compression from
narrowing, but then spikes to a maximum 6.97¢* m, with
(red region) at the stenosis, indicating an expansion beyond
the blockage. These differences show how the stenosis-in-
duced changes in arterial geometry and blood flow dynam-
ics have affected the artery’s distance from its centerline.

In the Figure 14(f), the axial velocity is constant
throughout the given contour of a coronary artery with ste-
nosis occlusion, as shown by the medium value of 7.56¢%
ms™ (green zone) at the inlet and outlet sections. This con-
sistency shows that blood flow along the artery remains
constant despite the occlusion.

The coronary artery model simulation or analysis’s state
of completion is indicated by the solution status, which is
given in Table 14 and graphically representation of con-
vergence is shown in Figure 15. It assists in monitoring the

Equations Value Absolute Criteria Convergence Status
Continuity 9.619285¢"" le® Converged
x-velocity 1.575812¢"° le% Converged
y-velocity 1.57521e™° le% Converged
z-velocity 4.772237e" le% Converged
Energy 4.91443¢™ le% Converged
1.00e+0 ——— continuity
—— x-velocity
1.00e-2 — y-velocity
—— z-velocity
1.00e—4 —— energy
A
T 1.00e-6
©
‘n
& 1.00e-8
1.00e-10
1.00e—-12
1.00e-14
20 40 60 80
Iterations

Figure 15. Representation the residual of coronary stenosis artery.



2498

Sigma J Eng Nat Sci, Vol. 44, No. 4, pp. 2473-2508, August, 2026

computing procedure, guaranteeing accurate model pro-
cessing and timely resolution of any problems.

Graphically discussion of pressure and velocity for
coronary healthy artery

In the Figure 16(a), the dynamic pressure line graph of
a healthy coronary artery demonstrates notable variations
along the artery’s length. The dynamic pressure at the intake
begins to rise at the zero position and ranges from 2.00e*
Pa to 6.00e ™ Pa. The dynamic pressure increases to 1.00e"!
Pa as blood travels toward outlets 1 and 2, as shown by the
purple and red lines, respectively, for outlet 1. The heart’s
pumping motion and the requirement to maintain enough
blood flow to tissues downstream are likely to blame for the
acceleration of blood as it passes through the artery and
the subsequent increase in dynamic pressure. The pressure
gradients that have been seen guarantee that blood is effec-
tively delivered to every area of the coronary system, pre-
serving the heart’s ideal perfusion and oxygen supply.

In the Figure 16(b), the radial velocity line graph in
a healthy coronary artery demonstrates clear variations
as blood moves from the input to the outlets. The radial

1.40e-01
1.20e-01
1.00e-071
8.00e-02
6.00e-02-

4.00e-02+

Dynamic Pressure [Pa]

2.00e-02+

-0.02 -0.015 -0.01

-0.005 0
Position [m]

0.005

velocity at the inlet decreases to near zero, indicating a
slight inward motion of blood influenced by entry geome-
try and flow conditions.Toward outlets 1 and 2, it increases
significantly, reflecting outward flow driven by vessel cur-
vature and the need for flow distribution into branching
pathways. Variations in radial velocity guarantee sufficient
blood mixing and distribution, hence preserving efficient
perfusion and nutrition supply to the heart tissue.

Graphically discussion of skin friction coefficient and
wall adjacent temperature for coronary healthy artery

In the Figure 17(a), the skin friction coefficient line
graph illustrates the variation in frictional forces along a
coronary artery in good condition. The skin friction coef-
ficient increases at the inlet, reflecting enhanced wall inter-
action as blood enters the vessel.It decreases toward outlets
1 and 2, indicating more streamlined flow and reduced fric-
tional losses, which supports efficient perfusion and mini-
mizes arterial stress..

In the Figure 17(b), the line graph of wall adjacent tem-
perature in a healthy coronary artery shows the temperature
variations along the vessel. The wall nearby temperature at

0.01

(a) Representation of dynamic pressure through coronary healthy artery.
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Figure 16. Representation of dynamic pressure and radial veocity through coronary healthy artery.
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(b) Representation of wall adjacent temperature through coronary healthy artery.

Figure 17. Representation of skin friction coefficient and wall adjacent temperature through coronary healthy artery.

the intake rises from 0.00e* K to 3.00e* K at the zero posi-
tion. The temperature near to the wall stays at 3.00e*” K
while blood flows towards outlets 1 and 2, as shown by the
purple and red lines, respectively.

The blood’s capability to successfully control body tem-
perature through the artery demostrate that the arterial
walls are having in a steady envoirement. Sustaining the
physiological functions of the coronary artery varies on the
steady wall adjacent temperature, which makes certain that
enzymatic and metabolic behaviours track easily. Moreover
protecting the vascular tissue from heat stress and potential
damage is this thermal firmness.

Graphically discussion of pressure and temperature for
coronary stenosis artery

In the Figure 18(a), the dynamic pressure line graph in
a stenosed coronary artery shows variations as blood passes
through the artery. The dynamic pressure at the intake

rises from 0.00e% Pa to 4.00e* Pg at the zero position. The
dynamic pressure increases to 1.60e® Pa as blood travels
toward outlets 1 and 2, as shown by the purple and red
lines, respectively. Since stenosis causes the artery to con-
strict, creating resistance and forcing the blood to accelerate
in order to maintain flow, there is a greater rise in dynamic
pressure. In order to guarantee that enough blood reaches
downstream areas, the stenosis’s restriction is partially
removed by the higher dynamic pressure. The body’s adap-
tive processes to maintain blood flow and oxygen delivery
to the heart tissue are highlighted by this pressure gradient,
which is essential for maintaining appropriate perfusion
despite the constricted segment.

In the Figure 18(b), the line graph for wall tempera-
ture in a stenosed coronary artery, represented by purple
lines for outlet 1 and red lines for outlet 2, shows that the
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(a) Representation of dynamic pressure through coronary stenosis artery.

3.50e+02
3.00e+024 | ’
Z
o 2.50e+02-
5
§ 2.00e+02
[
o
£ 150e+02-
)
2
= 1.00e+024
=
S— “ | m
0.00e+00- —————r .........,..
-0.05 -0.04 -0.03 -0.02 -0.01 0 0.01 0.02 0.03 0.04
Position [m]

= inlet_1 = outlet_1 = outlet_2 =— wall-fluid_domian

(b) Representation of wall temperature through coronary stenosis artery.

Figure 18. Representation of dynamic pressure and wall temperature through coronary stenosis artery.

temperature stays constant from the inlet to both outlets,

with a uniform value of 3.00¢**? K.

Post-processing and error visualization

Difference fields and convergence histories were com-
puted to provide a spatial and temporal account of discrep-
ancies between PINN and FVM solutions. For each field
variable ¢ (velocity components, pressure, temperature),
we compute the absolute error

Ad(x) = Ppivn (X) — Prvm (),

and the relative error with respect to the high-resolution

reference ¢,

|¢P1NN(X) - ¢ref (x)l
|¢ref(x)| .

Erer(X) =

FVM results were interpolated to a uniform sampling
grid that covers the region of interest; difference fields
were then evaluated on this grid. Global statistics reported
include the spatial mean, root-mean-square (RMS), and
maximum of the absolute and relative errors. Convergence
histories presented in the Results show PINN training loss
and PDE residuals per epoch and an FVM mesh-conver-
gence estimate obtained from successive grid refinements.

In Figure 19(a), the velocity difference field provides a
detailed visualization of the spatial regions where the PINN
and FVM solutions diverge. The major differences are nar-
rowed to the stenotic throat and downstream redistribution
area, where sheer velocity inclines and composite flow con-
nections govern. Regardless these restricted divergences,
the complete velocity mistake rests low, representing that
the PINN precisely takes the global flow field.

In Figure 19(a), the pressure difference field shows the
largest deviations across the stenotic pressure-drop region,
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(b) Convergence history showing PINN training loss and PDE residual per epoch and an FVM mesh-convergence esti-

mate (mesh refinement steps).

Figure 19. Combined PINN-FVM comparison showing velocity and pressure difference fields along with the convergence
history, demonstrating localized discrepancies and overall stable, physics-consistent convergence behavior.

where lumen constriction induces a sharply concentrated
pressure gradient. Upstream of the stenosis, the agree-
ment between PINN and FVM is strong, reflecting the
relatively simple and predominantly unidirectional flow in
that region. Downstream, however, the emergence of sec-
ondary vortical structures, flow reversal pockets, and elas-
tic memory effects induced by the Maxwell model cause
increased sensitivity in pressure reconstruction. The nearly
symmetric distribution of the pressure error, along with
the absence of large-scale irregularities, indicates that the

PINN respects both the qualitative trend and the quantita-
tive shape of the pressure field. Localized peaks in the error
can be attributed to mesh-related discretization limitations
in the FVM solution or to selective PDE-residual weighting
during PINN training.

In Figure 19(b), the merging history shows steady and
reliable behaviour for both solvers, with the PINN display-
ing even loss decay and decreasing PDE leftover, validat-
ing merging near a physics reliable solution. On the other
hand, the FVM represent the predictable mistakes decline
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with mesh alteration, mentioning that while FVM trusts on
discretization, the PINN gains similar low precision across
direct implementation of rulling equations.The final con-
vergence of both PINN and FVM to similarly low error
levels demonstrates that the PINN framework is capable of
approximating the high-fidelity FVM solution while main-
taining numerical stability and fidelity to the physics of the
problem.

Comparative analysis with previous studies

The results obtained from the present PINN-Maxwell
framework have been carefully compared with those
reported in recent literature to validate their physical reli-
ability and highlight the advancements achieved in this
study. Quantitatively, the average relative error between
PINN and FVM simulations remained below 2.5%,
confirming the high fidelity and convergence stability
of the proposed neural framework. These agreements
demonstrate that the current model not only reproduces

established hemodynamic patterns but also provides deeper
insights into stress distribution and temperature variations
through the physics-informed treatment of viscoelastic
blood behavior. The comparison study is given in Table 15.

Figure 20 associates WSS, pressure decline, and tem-
perature arise with previous researches, representing that
the latest PINN-Maxwell model forecast to some extent
higher WSS and a bit lower pressure falls due to unified vis-
coelastic belongings.The temperature rise is also consistent
with reported values, confirming accurate thermal mod-
eling and demonstrating improved physical realism and
numerical stability

Comparison of PINNS and Finite Volume Schemes For
Blood Flow Model

To provide a detailed comparison between Physics-
Informed Neural Networks (PINNs) and the Finite Volume
Schemes (FVS) for the blood flow model, we need to

Table 15. Comparison of the present PINN--Maxwell model results with previous studies

Parameter Present Study  Literature Range  Reference(s) Remarks

Velocity (m/s) 0.35 0.32-0.36 Kissas (2020), Alzhanov (2024) Good agreement with existing
models

Pressure Drop (Pa) 124 120-130 Mahmoudabadbozchelou (2022)  Consistent with Maxwell-type
non-Newtonian models

Wall Shear Stress (Pa) 283 2.6-2.8 Kissas (2020) Slightly higher due to
inclusion of viscoelastic
effects

Temperature (°C) 28-30 25-29 Aghaee (2025), Moser (2023) Matches viscous heating

trends and thermal
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Figure 20. Comparison of results with previous studies.
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consider their computational performance, accuracy, flexi-
bility, and scalability. Below is an analysis in Table 16:

The comparison of the present study with previous
works on blood flow modeling and PINN applications in
Table 17.

Error metrics used for PINN--FVM comparison

To ensure a transparent and reproducible comparison
between the Physics-Informed Neural Network (PINN)
and the Finite Volume Method (FVM), the accuracy of
both approaches was quantified using the average relative
error computed with respect to a high-resolution ANSYS
FVM simulation. This high-resolution simulation (with
approximately 6.5 x 10° elements) is treated as the bench-
mark numerical solution for all flow variables. For any pre-
dicted field variable ¢ (velocity, pressure, temperature, or
concentration), the pointwise relative error is defined as,

|¢pred - ¢ref|
|¢ref|

RelativeError = X 100%,

where, ¢,,.,; denotes the predicted value obtained either
from the PINN or the FVM model, and ¢, is the corre-
sponding reference value extracted from the benchmark
high-resolution FVM solution. The average relative error
reported in Table 18 is computed by spatially averaging this
quantity over N sampling points uniformly distributed in
the computational domain. Thus, all accuracy metrics rep-
resent deviations from the benchmark reference solution
and not from inter-method differences. This clarification
ensures that the performance comparison in this table is
objective, consistent, and reproducible.

Table 18 quantitatively compares the computational
performance and accuracy of the proposed PINN-Maxwell

model with the conventional Finite Volume Method (FVM)
implemented in ANSYS.These outcomes represent that the
PINN context gains lower qualified slip and faster merging,
needful considerably less computational time and lesser
repititions than FVM. It also illustrate upgraded numeri-
cal steadiness and decrease memory norm, mentioning its
competency, scalability, precision linked to the mesh-de-
pendent FVM method.

Model stability index (MSI)

To quantitatively assess the robustness of the Physics-
Informed Neural Network (PINN) and the Finite Volume
Method (FVM), we introduce the Model Stability Index
(MSI). The MSI measures the sensitivity of each numerical
method to small perturbations in the computational setup.
For PINN, these perturbations correspond to random shuf-
fling of collocation points and variations in network ini-
tialization, whereas for FVM they correspond to controlled
mesh refinements and solver tolerances.

For a predicted field variable ¢, the MSI is defined as,

1519~ 9]
MSI=1—-— z —_—,
N 9l
where, ¢’ denotes the solution obtained from the i-th per-
turbed run and "¢ is the mean solution over all runs. The
MSI ranges from 0 to 1, with values close to 1 indicating
that the method yields highly consistent predictions with
minimal sensitivity to perturbations. In this study, PINN
achieved an MSI of 0.97, whereas the FVM solver achieved
an MSI of 0.89, indicating superior stability and robustness
of the PINN framework under numerical and initialization
perturbations.

Table 16. Comparison of PINNs and FVS for the Blood Flow Model in Stenosed Coronary Arteries

Criterion

Physics-Informed Neural Networks (PINNs)

Finite Volume Schemes (FVS)

Accuracy

High accuracy in resolving nonlinear flow
dynamics and fine-scale features.

Delivers high accuracy for smooth, steady-state
flows yet struggles with complex geometries.

Computational Cost

High computational cost during training because
of neural network optimization.

Incur moderate computational costs that vary
with mesh resolution and problem complexity.

Flexibility Easily adaptable to different geometries and Constrained by mesh generation demands and
boundary conditions. strong grid dependency.
Scalability Scales efficiently to high-dimensional problems Difficult to scale when addressing high-

by leveraging deep learning frameworks.

dimensional problems.

Ease of Implementation

Requires expertise in machine learning and
PINNS.

More straightforward to implement using
conventional CFD software.

Conservation Properties

Implicitly enforces conservation laws through the
loss function.

Explicitly enforces conservation of mass and
momentum.

Solution Smoothness

Create smooth, differentiable solutions.

Highly dependent on mesh resolution and
susceptible to numerical artifacts.

Application to Blood Flow

Superior at capturing nonlinear behavior and
stenotic artery effects.

Best suited for relatively simple, steady-state flow
scenarios.
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Table 17. Comparison of the present study with previous works on blood flow modeling and PINN applications

Study Citation Method Used Fluid Model \& Validation / Key Findings Limitations
Geometry Metrics
Present Study PINN (3D, Maxwell Maxwell non- L, errors, Demonstrated Initial PINN training
rheology) vs FVM  Newtonian blood; WSS, velocity- PINNS’ ability to time high; sensitive
(ANSYS Fluent 2022  stenosed coronary  pressure contour replicate FVM to collocation
R2) artery comparisons, results with high distribution
runtime analysis accuracy and

capture realistic
hemodynamics in
stenosed arteries

Kissas et al. [63] Physics-Informed Newtonian blood; Pressure Showed PINNs can  Did not model
(2020) Neural Networks large-vessel arterial ~ reconstruction vs infer unobserved non-Newtonian
(PINNG) trained with models MRI and CFD data  hemodynamic fields rheology or stenosed
MRI data from sparse data geometries
Hussain et al. [64]  nn-PINN for General non- Error norms for Validated PINN No coronary
(2022) complex fluids Newtonian coupled PDE applicability to geometry or Maxwell
fluids; canonical recovery non-Newtonian model tested
geometries constitutive models
Alzhanov et al. [65] Hybrid CFD-PINN  Coronary artery Fractional Flow Improved prediction Not fully mesh-free;
(2024) with fluid-structure trees; Newtonian Reserve (FFR) vs accuracy using no viscoelastic fluid
interaction (FSI) assumption CFD and invasive ~ hybrid physics—data physics
data learning
Moser et al. [66] PINN evaluation Newtonian fluid; Quantitative Provided practical =~ Showed accuracy loss
(2023) across 3D vessel aneurysm and vessel accuracy vs guidance for 3D in complex domains
geometries flows geometry PINN convergence  without optimization
complexity and tuning
Aghaee etal. [67]  Systematic study of =~ Newtonian blood;  Error metrics across Quantified PINN Did not apply to
(2025) PINN accuracy for ~ varying Reynolds laminar-disturbed ~ performance vs flow non-Newtonian or
cardiovascular flows regimes regimes complexity, guiding coronary stenosis

loss weighting

Table 18. Quantitative comparison of performance metrics for PINN and Finite Volume Method (FVM)

Metric PINN-Maxwell Model FVM (ANSYS) Improvement (%)
Average Relative Error (%) 2.45 3.10 21.0

Computation Time (s) 485 970 50.0

Convergence Iterations 800 1200 333

Memory Usage (MB) 610 900 322

Model Stability Index 0.97 0.89 9.0

Table 19. Summary of key contributions and scientific implications of the present study

Aspect Description

Novelty First integration of Maxwell viscoelastic rheology into PINN framework for coronary artery modeling.
Validation Achieved 3% deviation between PINN and FVM results; validated against literature.

Visualization Added new contour, velocity, and temperature plots for healthy and stenosed arteries.

Clinical Insight Reveals link between wall shear stress and local heating in stenosis zones.

Computational Impact Demonstrates 50% faster convergence than FVM with comparable accuracy.
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The summary of key contributions and scientific impli-
cations of the present study are given in Table 19.

CONCLUSION

This study undertakes a rigorous comparative assess-
ment of Physics-Informed Neural Networks and the Finite
Volume Method, as implemented in ANSYS, for Coronary
Computed Tomography Angiography analysis. The find-
ings indicate that Physics-Informed Neural Networks, by
embedding the governing conservation laws directly into
the network structure, yield smooth, highly accurate, and
physically interpretable predictions for blood-flow behav-
ior in stenosed coronary arteries. By contrast, the Finite
Volume Method, while dependable in terms of conserva-
tion enforcement and numerical stability, is comparatively
constrained in its ability to resolve nonlinear viscoelastic
effects and the geometric intricacies of arterial flow.A prin-
cipal contribution of this work is the first incorporation
of the Maxwell viscoelastic blood model within a Physics-
Informed Neural Network framework, thereby enabling the
concurrent estimation of velocity, pressure, temperature,
and wall shear stress in both healthy and stenosed arteries.

This interpretation successfully ends the share between
data-driven modeling and classical computational fluid
motion by presenting a mesh-free, physics-reliable, and
data-effective plan that avoid many of the numerical
confines integral in conservative solvers. Moreover, the
research institute a measureable standard against the Finite
Volume Method, illustrating that the Physics-Informed
Neural Network gains higher precision , faster merging,
and greater flexibility to accurate coronary geometries.
These outcomes discourse prominent breaks in the litera-
ture, where non-Newtonian, viscoelastic blood behaviour
and thermal conveyance have been largely ignored in neu-
ral-network-based hemodynaic models. The future struc-
ture therefore establishes a unique method of deep learning
and viscoelastic fluid mechanics, presenting fresh vision
into the properties of stenosis, viscoelasticity, and mag-
netic effect on coronary hemodynamics. Even though it
still drops short of fully imitating the diagnostic accuracy
of offensive methods such as fractional flow reserve, con-
tinuing spreads in image rebuilding, noise destruction,
and understandable modeling are likely to support its
clinical efficacy. Generally, the research positions Physics-
Informed Neural Networks as a nect -generation substitute
to conservative computational fluid motion, with clear apti-
tude for more precision, effectiveness, and clinically appli-
cable non-martial cardiovascular analysis.
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