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Abstract

Early identification of carotid stenosis is crucial to enable timely intervention and reduce the likelihood of
ischemic events. This work presents an in-silico framework to explore the potential of infrared thermography (IRT)
based approaches for detecting carotid stenosis from skin thermal footprints of the vessel. A synthetic
thermographic dataset was generated using 3D multiphysics simulations, representing three physiopathological
configurations, corresponding to 0%, 30%, and 70% stenosis. The result is a set of thermographic images
representing vessel-induced thermal footprints on the skin surface Additionally, a VGG16 model was finetuned to
distinguish between the three scenarios, reaching a test accuracy of 95%.

1. Introduction

Atherosclerotic disease of the carotid artery is a chronic pathological condition characterized by the
progressive accumulation of lipid-rich plaques within the arterial wall, resulting in structural remodeling, altered
hemodynamic conditions, and luminal narrowing, thereby posing a high risk of ischemic stroke [1]. In this context,
early identification of carotid stenosis is crucial to enable timely intervention and reduce the likelihood of ischemic
events. To this end, several imaging modalities are currently used to screen the carotid artery, including computed
tomography angiography (CTA), magnetic resonance angiography (MRA), and catheter-based angiography (CBA).
However, except for carotid ultrasound (CU), these techniques are either invasive or require ionizing radiation or
contrast agents [2]. From this perspective, the present work introduces an in-silico framework designed to explore
the potential of infrared thermography (IRT)-based approaches for detecting carotid stenosis from vessel-induced
skin thermal footprints. The underlying rationale is that plaque-induced alterations in vascular geometry and blood
flow dynamics modify local heat transport mechanisms [3], thereby producing subtle but potentially detectable
perturbations in the surface temperature distribution [4], [5]. Since IRT is completely non-invasive, radiation-free,
and relatively low-cost, it represents a promising candidate for rapid and repeatable vascular screening [6].
Nevertheless, the thermal signatures associated with carotid stenosis are expected to be small and strongly
influenced by physiological and environmental conditions, making experimental investigations challenging.
Consequently, physics-based computational modeling provides an effective strategy for systematically studying
these phenomena under controlled conditions. A synthetic thermographic dataset, comprising three
physiopathological conditions corresponding to 0% (healthy), 30% (mild stenosis), and 70% (severe stenosis)
carotid narrowing (figure 1), was therefore generated using three-dimensional multiphysics simulations based on a
GPU-accelerated finite difference method combined with immersed boundary techniques. Within this framework,
pulsatile blood flow and bioheat transfer were solved in a fully coupled manner to reproduce the interaction between
vascular hemodynamics and tissue thermal propagation. More specifically, the model resolved incompressible
blood flow inside the carotid artery, conductive heat transfer within both the vessel wall and surrounding biological
tissues, and convective heat exchange at the skin-air interface. The computational domain included anatomically
inspired carotid geometries embedding different degrees of stenosis, allowing the investigation of stenosis-induced
thermal alterations under physiologically realistic conditions.
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Figure 1. (a) Three-dimensional view of the geometries of the carotid artery used in the analysis. In addition to
the baseline ‘normal’ case, two stenotic configurations (30% and 70% diameter reduction) have been considered;
The corresponding axial views are shown in (b), (c), and (d).

Additionally, to investigate whether these subtle thermal signatures could be automatically recognized, a
transfer learning-based classification framework was implemented.

In particular, a VGG16 convolutional neural network (CNN), which demonstrated to be effective in a wide
range of medical image classification tasks [7], was fine-tuned on the generated in-silico thermographic dataset and
subsequently evaluated on noisy and augmented versions of the images, including geometrical transformations
and perturbations designed to simulate realistic acquisition variability and non-ideal experimental conditions..

Although the present investigation is entirely in-silico, the proposed methodology may establish the basis
for future experimental and clinical validation studies aimed at translating thermographic screening into practical
diagnostic workflows.

2. Materials and Methods
2.1. Skin Thermal Transport Model (D2)

Heat transfer in skin is a complex bio-thermo-mechanical phenomenon mainly driven by heat conduction
[8]. Several bio-heat transfer models have been proposed in the literature. Historically, Pennes’ model is the first
and the most used. It is based on the following reaction-diffusion equation [9], [10]:

aT
ch= VkVT—prbwb(T_Tb)-I_Qm-I_QP (1)

where, p is the skin tissue mass density (kg/m?), c is the specific heat capacity (J/kg-K), T is the tissue
temperature (K), k is the thermal conductivity (W/m-K), p, is the blood density (kg/m?), ¢, is the blood specific heat
capacity (J/kg-K), w;, is the blood perfusion rate (1/s) and T, is the temperature of blood entering the tissue, Q,, is
the heat generated by tissue metabolism (W/m?), which is normally ignored due to its minimal impact compared to
other heat sources, and @, (W/m3) is the heat generation (or source term) due to external sources acting in the
bulk.

In this study, a reduced-order approach has been followed thus enabling High-Performance Computing
(HPC) simulations. The tissue was be considered homogeneous and isotropic, exchanging heat with the
bloodstream using the impinging inner boundary condition, and with the external environment (air) utilizing
convection. Accordingly, the simplified model equation reads:

oM _ vt 2)
PC: =

and the associated boundary conditions are:
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aT
Tleft = Th100a(t); —kg |top = h(T — Tqir)

Importantly, the bioheat transfer equations were solved numerically using a centered finite volume method
defined on a structured Cartesian grid. Within this framework, the coupling conditions at both the inner carotid artery
interface and the outer skin boundary were enforced through an immersed boundary method (IBM) [11]. Specifically,
the governing equations were solved over an extended Cartesian computational domain encompassing the
surrounding biological tissues, while the interface and boundary conditions were incorporated indirectly through a
volumetric force term, added to the right-hand side of the heat transfer equation.

2.2. Multiphysics Thermo-Hemodynamic Model (D4)
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Figure 2. Geometrical setting of the carotid artery (not in scale).

Let consider the box of side length Lx x Ly x L, of tissue containing a carotid artery trunk, as depicted in
figure 2. The blood flow within the carotid artery domain Qs is described by the incompressible Navier-Stokes
equations:

aub 2
Pb (ﬁ +V-(up ® ub)) = —=Vpp + V1, 3)

V-u,=0 4)

being us and p» the velocity and pressure of the blood, p» and s its density and dynamical viscosity. The no-slip
condition up = 0 is imposed on the surface of the artery I, that is also the blood-tissue interface. The flow, initially
at rest, is driven by the unsteady Dirichlet boundary condition imposed at the inlet '™ of the vessel:

u=q()f(re, onl ' (5)



18" Quantitative InfraRed Thermography Conference, 29 June — 3 July 2026, Naples, Italy

Being q(t), the inflow profile depicted in figure 3a and f{r) the spatial profile in figure 3b, with r = V(x2 + y2).
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Figure 3. (a) Inflow profile. (b) Spatial profile

The inflow profile q(f) has a period T and a total volume displaced per cycle equal to Q,. Being D the
diameter of the vessel at the inlet. At the outlet °“! a homogeneous Neumann condition du/dz = 0 is imposed.

Within the blood domain, heat-transfer is a combination of convection and diffusion, thus the thermal
equation reads:

oT
PpCh (a_tb +V- (Tbub)) =V (kpVTp) onQ, (6)

Being T» the temperature of blood, Cp and k» its specific heat and thermal conductivity. On " the
temperature is fixed to 7, while on " a homogeneous Neumann condition is prescribed. Within the tissue domain
Q, there is no fluid flow and only the diffusive term acts, therefore the thermal equation reduces to:

T,
PthE =V (kVTe) on (7)

where the subscript t indicates the same thermal quantities defined for the blood but for the tissue. On the
lower boundary of the domain '*°t the temperature is fixed to T ®°, while on P, a Robin-type boundary condition
is enforced:

aT,
- t_t: t — Ig) ON tto
k o h(T, —T,) onT,;°? (8)

being Ta the temperature of air and h the convective heat transfer coefficient for the air-tissue interface. At
the blood-tissue interface I the temperature and the normal heat flux are continuous, thus:

Tb = Tl’
onrl: T, . 0JT; 9
bon = "t on
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where 6/0n = n - V, being n the normal vector of the blood-tissue interface. On all the other boundaries,
the homogeneous Neumann conditions I'T, - n =0 and PT: - n = 0 are enforced, with n the outward normal of the
considered boundary.

Moreover, the fluid equations are solved using an Eulerian immersed boundary (IB) method, thus the fluid
equations are extended to the tissue domain using the indicator function x and introducing the velocity u = upx(Qs)
and pressure p = px(Qp) of the flow extended to the whole domain Q = Q» U Q:. Therefore, the flow equations rewrite
as:

d
Pb <6—Z+V-(u®u)>=—7pb+ubl72u+f on Q (10)

V-u=0 onQ (11D

The volumetric force f is the IB forcing that enforces the no-slip condition at the blood-tissue interface I
and u = 0 on Q: The same extension can be done for the thermal equations, defining a temperature
T =Tbx(Q»b) + Tix(Q:) on the whole domain Q that satisfies the following thermal equation:

oT
pc (E +V. (Tu)) =V-(kVT) onQ (12)

being p = ppx(Qb) + pix(Q:), and the same for ¢ and k. Notice that, no IB forcing is present in the thermal
equation since the introduction of a global temperature field and the employment of the IB forcing for the flow
equation is sufficient to assure continuity of T and gn across I'. Thus, for the thermal equation only the boundary
conditions on dQ must be specified.

Furthermore, the flow equations are made non-dimensional using a reference length D and a reference
velocity U , leading to:

au+|7 X —\7+1|72+ 13
T (uu)—pReuf (13)

V-u,=0 onQ (14)

where Re = pp» U D/u» is the Reynolds number.

The thermal equation is made non-dimensional using the same length and velocity scale as for the flow
equation, as reference temperature the inlet temperature of blood, while using as reference
density, thermal conductivity and specific heat the ones of blood, leading to:

or T =2 kvVT 15
g+ (Tw =57 (P T) (15)

being k = x(Q») + kvkox(Q:t) the non-dimensional thermal conductivity and Pe = Penx(Q») + Petx(Qt), with
Peb = ppCoUD/ky and Pet = ptCiUD/ksb, the Peclet numbers of blood and tissue, respectively. Notice that both Pep
and Pe are defined with the conductivity of blood. The non- dimensional Robin boundary condition recast as:

oT T, ‘o
——=Bi(T —— r°? 1
7 — B Tb) only (16)
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being Bi = h D/k: the Biot number.

The physical properties of blood and tissue are listed in table 1. The numerical value of parameters
employed for the numerical simulations are listed in table 2, while in table 3 are listed the non- dimensional numbers
characterizing the problem.

The governing equations, Egs.13 to 16, of the Multiphysics Thermo-Hemodynamics model, along with the
boundary conditions, were discretized using staggered finite differences, employing explicit second-order accurate
methods in time (Adams-Bashforth method). The hemodynamics solution was based on a standard fractional step,
where the solenoidal constraint for the velocity is imposed by solving an elliptic equation for the pseudo-pressure
through a fast Poisson solver. The thermal skin solver was thus one-way coupled to the hemodynamics solver, with
the blood velocity field in the vessel used in the transport term of the heat transfer equation.

In addition to the fully coupled model, a simplified thermal solver based on finite volume methods was
developed, in which the temperature inside the carotid artery is prescribed and fixed to the blood inlet temperature.

This approach provides a faster temperature estimation, as it avoids solving the full hemodynamics
governed by the Navier—Stokes equations, resulting in a significantly reduced computational cost.

2.3. Parametric Study and Dataset Generation

From the described 3D multiphysics simulations in which pulsatile blood flow and heat transfer were solved
in a coupled manner, a synthetic thermographic dataset was generated. Precisely, the model resolved fluid dynamics
within the vessel, conductive heat transport in the vessel and in the surrounding tissue, and convective heat exchange
at the skin-air interface. The simulation framework implemented a structured parametrization of three boundary
physical parameters according to an OFAT protocol, while all other parameters were held constant :blood inflow rate
(Qin), which was varied in (4,5,6) ml/s; convective heat transfer coefficient (h), which was varied in (5,10) W mA-1 KA-
1; and ambient air temperature (Tair), which was varied in (18, 23) Celsius degrees.

This approach produced 36 virtual subjects, each one simulated until a periodic regime is attained. Then the
unsteady dynamics within 5 seconds, corresponding to 50 consecutive frames, capturing the cardiac cycles driven
thermal response, were saved.

For each subject, three physiopathological configurations were simulated, corresponding to 0% (healthy),
30% (mild stenosis), and 70% (severe stenosis) carotid narrowing as shown in figure 4, resulting in a set of 1800 in-
silico thermographic images representing vessel-induced thermal footprints on the skin surface.

a) b) c)

Figure 4. Examples of skin thermal footprint of the carotid artery obtained from the 3D Multiphysics simulations in:
(a) non-stenotic case; (b) 30% carotid narrowing, (c) 70% carotid narrowing.

2.4. Dataset Augmentation

In order to assess model stability under perturbations that resemble realistic acquisition imperfections such
as sensor noise, geometric distortions, and minor misalignments, an original dataset derivative, referred to as
Augmented Dataset, was generated through a duplication-and-transformation procedure applied to the original thermal
snapshots. For each original image, five additional copies were produced.

Each copy was then modified by applying a random selection of transformations drawn from a predefined
set. Importantly, the process was not deterministic: for each generated copy, one or more transformations could be
applied simultaneously, resulting in a heterogeneous distribution of degradation levels across samples.

The perturbations included additive Gaussian noise, with standard deviation sampled in the range o € [5, 20];
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salt-and-pepper noise, introduced by randomly selecting pixels to be corrupted; random rotations, within the interval [-
15°, +15°; horizontal flip, and geometric shear, with shear factor in [-0.1, 0.1].

This strategy preserved the original class identity while partially degrading the thermal signal, thereby
increasing intra-class variability and making the classification task less ideal. From a quantitative standpoint, starting
from 1800 images in the original dataset (balanced across three classes), the generation of five additional copies per
image led to a final dataset of 10800 images, i.e., 3600 images per class, maintaining class balance while significantly
expanding the diversity of visual perturbations.

All Augmented Dataset images were stored at a final resolution of 128x128 pixels, figure 5 provides an
example of the images generated.

Figure 5. Examples of thermal footprints from the Augmented Dataset: (a) random rotation and gaussian noise;
(b) salt and pepper and gaussian noises; (c) shear only.

2.5. VGG16 Finetuning and Testing

A predictive framework based on the VGG16 architecture pre-trained on ImageNet was employed for
stenosis classification. The dataset was divided according to a 70-30 subject-level split, where approximately 70%
of the subjects from the original dataset were used for training, while the remaining 30% were reserved for testing.
The model was trained exclusively using samples from the original dataset, whereas evaluation was performed on
frames from the Augmented Dataset belonging to subjects previously excluded from the training set.

Importantly, the subjects included in the test set correspond exactly to those excluded during the training
phase, ensuring a rigorous subject-independent evaluation protocol with complete subject-level separation between
training and testing data. This strategy prevented information leakage and enabled the assessment of the model’s
capability to generalize to entirely unseen individuals. Furthermore, by evaluating the model on augmented samples
rather than on the original training distribution, the proposed framework introduced a controlled domain shift that
allowed the robustness of the classifier to be assessed under perturbed and more realistic acquisition conditions.
Moreover, performance evaluation was conducted at the subject level rather than at the individual frame level.
Frame-wise predictions generated for each subject were aggregated to obtain a single final prediction per subject
through a majority voting strategy, thereby reducing the influence of noisy or unstable frame-level outputs and
producing a more clinically and experimentally meaningful evaluation. This aggregation approach improves
prediction stability and ensures that the final classification reflects the overall consistency of the subject-specific
data rather than isolated frame-level variations.

3. Results

The VGG16 model achieved a subject-wise accuracy of 0.946, with a recall of 0.946 and a precision of
0.950, demonstrating strong overall classification performance under the proposed mixed-validation framework.
These results indicate that the network was able to generalize effectively despite the presence of domain variability
introduced by the augmented test samples. As illustrated in figure 6, classification errors are relatively limited and
exhibit a structured distribution rather than random misclassification behaviour. In particular, the model showed a
high capability to correctly identify subjects affected by severe stenosis.

The remaining classification ambiguities are predominantly concentrated between the two less severe
classes, indicating that the learned feature space preserves a meaningful representation of disease progression
while still reflecting the intrinsic overlap between adjacent pathological stages.
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Figure 6. Test confusion matrix of the VGG16 model

4. Discussion

The present study aimed to generate a synthetic dataset of thermal skin footprints associated with carotid
stenosis using a three-dimensional multiphysics modeling approach. This strategy was adopted due to the inherent
difficulty of experimentally isolating stenosis-related thermal effects from external physiological and environmental
confounders [12], especially considering that the expected temperature variations induced by vascular narrowing
are extremely small. In this context, numerical simulations provide a controlled environment in which individual
physical contributions can be systematically regulated, thereby offering a robust proof-of-concept framework for
investigating the feasibility of IRT based detection.

The simulation results indicated that stenosis-induced thermal differences are on the order of hundredths
of a degree Celsius, which remains within the sensitivity range of modern IR imaging systems. This finding is
particularly relevant, as it suggests that, despite their low magnitude, these thermal signatures are inherently
detectable with current sensing technology. Beyond the absolute temperature variation, the simulations also
revealed progressive modifications in both the spatial distribution and temporal evolution of the thermal patterns as
stenosis severity increased. In particular, severe stenosis conditions produced more localized and asymmetric
thermal footprints, likely associated with altered blood flow recirculation zones and reduced convective heat
transport downstream of the plaque region.

The generated dataset comprised 1800 thermographic images corresponding to three physiological
conditions (0%, 30%, and 70% stenosis). To increase variability and better approximate real-world acquisition
conditions, the dataset was further augmented by applying controlled transformations, including additive noise,
geometric flipping, and rotations, resulting in five additional synthetic variants per frame aimed at simulating
acquisition variability and improving model robustness. The introduction of these perturbations is particularly
important in the context of thermographic imaging, where small differences in acquisition angle, sensor noise, and
environmental fluctuations can substantially affect the measured signal. Consequently, the augmentation strategy
not only enlarged the dataset but also forced the network to focus on more stable and physiologically meaningful
features rather than on acquisition-specific artifacts [13], [14].

To evaluate the discriminative potential of these thermographic patterns, a transfer learning approach
based on the VGG16 architecture was employed. The model was fine-tuned exclusively on the original dataset
using a stratified 70-30 split. Evaluation was then performed on augmented frames.

Performance assessment was conducted at the subject level by aggregating frame-wise predictions through
majority voting, thereby reducing the influence of noise and transient fluctuations present in individual frames. Under
this evaluation protocol, the model achieved a subject-wise accuracy of 0.946, with recall and precision values of
0.946 and 0.950, respectively. These results demonstrate that the network was able to generalize effectively despite
the variability introduced by the augmented test samples.

Importantly, the high recall indicates that the model maintained strong sensitivity across stenosis classes, while the
elevated precision suggests that false positive classifications remained limited even under perturbed conditions.

The confusion matrix further provided insight into the nature of the learned representations. As illustrated
in figure 6, classification errors are relatively limited and exhibit a structured distribution. In particular, the model

8
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showed a strong capability to correctly identify subjects affected by severe stenosis, suggesting that advanced
pathological conditions generate more pronounced thermal and hemodynamic alterations that are more easily
captured by the convolutional filters. From a physiological perspective, higher-grade stenosis likely induces stronger
flow disturbances [15], larger recirculation regions, and more substantial modifications in heat convection, ultimately
producing more distinguishable thermal signatures at the skin surface.

Conversely, the remaining ambiguities were predominantly concentrated between healthy and mildly stenotic
conditions. This behavior is consistent with the progressive nature of carotid disease [16], [17], where early
pathological stages may still preserve partially physiological hemodynamic patterns, resulting in thermal footprints
that overlap with normal conditions.

Overall, these findings suggest that the presented framework may provide meaningful objective

biomarkers capable of identifying the presence of an atherosclerotic plaque in an in-silico simulation. The
combination of multiphysics simulation, controlled variability generation, and deep transfer learning therefore
represents a promising framework for exploring non-invasive carotid stenosis assessment through IRT. Although
the present study remains entirely in-silico, it establishes a proof of concept supporting the feasibility of
thermography-driven vascular screening.
Future work will focus on improving the anatomical and physiological realism of the computational framework,
incorporating patient-specific vascular geometries reconstructed from medical imaging modalities such as MRA,
CU, and CTA [18], [19], allowing for a more accurate representation of inter-subject anatomical variability [20]. This
would enable the simulation of more realistic flow patterns and heat transfer dynamics, potentially improving the
translational value of the generated datasets.

Furthermore, future investigations should evaluate the framework under experimentally acquired
thermographic data to determine whether the discriminative features identified in-silico remain robust in real clinical
settings characterized by additional physiological variability, sensor limitations, and motion-related artifacts.
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Tables

Table 1. Physical Properties of Blood and Tissue

Symbol Units Blood Tissue
Density p Kg/m?3 1055 1090
Viscosity u mPa s 3.5 -
Specific heat c J/kgK 3700 3400
Thermal conductivity k W/mK 0.55 0.40

Table 2. Parameters Employed for the Simulation

Symbol Value
Reference length D 6 mm
Reference velocity U 1.0 m/s
Period T 1s
Heart rate HR 60 rpm
Volume of blood displaced Qo 6 mL
Inlet temperature of blood " 310K
Bottom temperature of tissue Ttb"t 309 K
Air temperature T, 293 K
Convective heat transfer h 5.0 W/m?K

Table 3. Non-Dimensional Numbers

Symbol Value

Reynolds number Re 1810
Peclét number of blood Pey 42583
Peclét number of tissue Pe; 40429
Conductivity ratio KKy 0.723
Biot number Bi 0.075
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        𝜌  b   c  t   𝜕   T  t  𝜕 t = 𝛻 ⋅ (   k  t 𝛻   T  t )     o n    Ω  t # ( 7 )


      −   k  t   𝜕   T  t  𝜕 x = h (   T  t −   T  a )     o n     𝛤  t  t o p # ( 8 )


      o n   𝛤 :    {       T  b   =     T  t      k  b   𝜕   T  b  𝜕 n =   k  t   𝜕   T  t  𝜕 n # ( 9 )


        𝜌  b  (   𝜕 u  𝜕 t + 𝛻 ⋅ ( u ⊗ u ) ) = − 𝛻   p  b +  µ  b   𝛻 2 u + f     o n   Ω # ( 10 )


      𝛻 ⋅ u = 0     o n   Ω # ( 11 )


      𝛻 ⋅ u = 0     o n   Ω # ( 11 )


      𝜌 c  (   𝜕 T  𝜕 t + 𝛻 ⋅ ( T u ) ) = 𝛻 ⋅ ( k 𝛻 T )     o n   Ω # ( 12 )


        𝜕 u  𝜕 t + 𝛻 ⋅ ( u ⊗ u ) = − 𝛻 p +  1  R e   𝛻 2 u   + f # ( 13 )


      𝛻 ⋅   u  b = 0     o n   Ω # ( 14 )


      𝛻 ⋅   u  b = 0     o n   Ω # ( 14 )


        𝜕 T  𝜕 t + 𝛻 ⋅ ( T u ) =  1  P e 𝛻 ⋅ ( k 𝛻 T )     # ( 15 )


      −   𝜕 T  𝜕 x = B i ( T −     T  a    T b )     o n     𝛤  t  t o p # ( 16 )
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