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In modern cardiology, accurate assessment of the functional significance of coronary artery stenoses is a critical factor
for selecting treatment strategies and making informed clinical decisions. This paper presents an automated algorithm for
processing dynamic X-ray angiographic image sequences aimed at estimating blood flow velocity. This parameter serves as
the basis for determining the Quantitative Flow Ratio (QFR), which acts as an effective noninvasive alternative to traditional
invasive fractional flow reserve (FFR) measurements. The proposed methodology successfully overcomes classic challenges
of angiographic analysis, such as vessel motion artifacts during the cardio-respiratory cycle, variable contrast opacification,
and the geometric complexity of the vascular tree in two-dimensional projections.

The presented processing workflow includes several key stages. Initially, frame preprocessing is performed to suppress
noise and filter out the anatomical background. Subsequently, segmentation is implemented using a Sato filter and Otsu
thresholding, followed by skeletonization to extract vessel centerlines. Particular attention is paid to the algorithm for
automated identification of bifurcation points and the filtration of artifactual intersections caused by vessel overlapping.
To ensure data continuity, a temporal tracking method for the target segment based on template correlation is applied, which
is especially important during phases with low contrast agent concentration. The mathematical core of the algorithm is based
on solving a 1D inverse problem for the advection-diffusion equation, allowing for the recovery of blood flow velocity from
temporal intensity curves.

As part of the study, a detailed validation of the method was conducted by comparing automated calculation results
with manual expert measurements across ten clinical datasets. The results confirm the robustness of the computational scheme
within physiologically relevant ranges and its ability to significantly reduce inter-observer variability. The developed approach
minimizes the need for physician intervention in the data processing stage, opening up prospects for creating real-time clinical
decision support systems in the catheterization laboratory setting.

Keywords: medical image segmentation, coronary circulation, fractional flow reserve, coronary
flow reserve, quantitative flow ratio, angiography, blood flow velocity, inverse problems, numerical
methods

Citation: Computer Research and Modeling, 2026, vol. 18, no. 3, pp. e715–e735.
This work was supported by the Moscow Center of Fundamental and Applied Mathematics at INM RAS (Agreement with
the Ministry of Science and Higher Education of the Russian Federation No. 075-15-2025-347).

© 2026 Alina A. Rebrova, Alexander A. Danilov
This work is licensed under the Creative Commons Attribution-NoDerivs 3.0 Unported License.

To view a copy of this license, visit http://creativecommons.org/licenses/by-nd/3.0/
or send a letter to Creative Commons, PO Box 1866, Mountain View, CA 94042, USA.



КОМПЬЮТЕРНЫЕ ИССЛЕДОВАНИЯ
И МОДЕЛИРОВАНИЕ 2026 Т. 18 № 3 С. e715–e735
DOI: 10.20537/2076-7633-2026-18-3-715-735

СПЕЦИАЛЬНЫЙ ВЫПУСК

УДК: 519.6:616.132.2-073.756.5

Метод оценки скорости коронарного кровотока
по ангиографическим изображениям

А.А. Реброва1,a, А.А. Данилов1,2,3,b

1Институт вычислительной математики им. Г.И.Марчука РАН,
Россия, 119333, г. Москва, ул. Губкина, д. 8

2Московский физико-технический институт (национальный исследовательский университет),
Россия, 141700, г. Долгопрудный, пер. Институтский, д. 9

3Первый МГМУ им. И.М. Сеченова Минздрава России (Сеченовский университет),
Россия, 119048, г. Москва, ул. Трубецкая, д. 8, стр. 2

E-mail: a lina.rebrova@yandex.ru, b a.danilov@inm.ras.ru

Получено 10.04.2026, после доработки — 23.04.2026.
Принято к публикации 23.04.2026.

В современной кардиологии точная оценка функциональной значимости стенозов коронарных артерий являет-
ся критическим фактором для выбора тактики лечения и принятия обоснованных клинических решений. В данной
работе представлен автоматизированный алгоритм для обработки динамических последовательностей рентгеновских
ангиографических изображений, направленный на оценку скорости кровотока. Данный параметр служит основой для
определения количественного соотношения кровотока (QFR), выступающего эффективной неинвазивной альтерна-
тивой традиционному инвазивному измерению фракционного резерва кровотока. Предложенная методика успешно
преодолевает классические трудности ангиографического анализа, такие как артефакты движения сосудов в ходе сер-
дечно-дыхательного цикла, неравномерная контрастная плотность и геометрическая сложность сосудистого дерева
в двумерных проекциях.

Представленный алгоритм обработки включает в себя несколько ключевых стадий. Первоначально выполняет-
ся предобработка кадров для подавления шумов и фильтрации анатомического фона. Далее проводится сегментация
с использованием фильтра Сато и пороговой обработки Оцу, после чего производится скелетонизация для извлечения
центральных линий сосудов. Особое внимание уделено алгоритму автоматической идентификации точек бифуркации
и фильтрации артефактных пересечений, возникающих при наложении сосудов. Для обеспечения непрерывности дан-
ных применяется метод временного отслеживания целевого сегмента на основе корреляции шаблонов, что особенно
важно в фазах с низкой концентрацией контрастного вещества. Математическое ядро алгоритма основано на решении
обратной одномерной задачи для уравнения адвекции – диффузии, что позволяет восстановить скорость кровотока по
временным кривым интенсивности.

В рамках исследования проведена детальная валидация метода путем сопоставления результатов автоматиче-
ского расчета с ручными экспертными измерениями на десяти наборах клинических данных. Полученные результаты
подтверждают устойчивость вычислительной схемы в физиологически значимых диапазонах и ее способность зна-
чительно снижать межэкспертную вариабельность. Разработанный подход минимизирует необходимость врачебного
вмешательства в процесс обработки данных, открывая перспективы для создания систем поддержки принятия вра-
чебных решений в реальном времени в условиях катетеризационной лаборатории.

Ключевые слова: сегментация медицинских изображений, коронарное кровообращение,
фракционный резерв кровотока, резерв коронарного кровотока, количественное соотношение
кровотока, ангиография, скорость кровотока, обратные задачи, численные методы
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Introduction

In modern cardiology, the accurate assessment of the functional significance of coronary artery
stenoses is a critical factor for making informed clinical decisions. The gold standard for this assessment
has long been the invasive measurement of the Fractional Flow Reserve (FFR), which requires the use
of expensive pressure-wire sensors [Conte et al., 2020]. An alternative noninvasive technique derived
from computed tomography (CT) data is virtual FFR (vFFR) — a technology based on a 3D model
of the coronary arteries, and application of the physical laws of fluid flow [Pantos, Katritsis, 2014;
Tu et al., 2014; Haley et al., 2021]. Virtual FFR offers clinical advantages such as lower patient
risk, no requirement for catheterization, and the capability for both anatomical and physiological
assessment within a single study. This allows for a more effective determination of revascularization
strategy and prediction of long-term outcomes better than using CT angiography alone [Ihdayhid et
al., 2019; Zhuang et al., 2019; Guan et al., 2023]. Limitations of the method include variability
in diagnostic performance depending on stenosis severity, significant data processing time, and the
need for high-quality images; some approaches also require high-performance computing resources or
machine learning algorithms [Ko et al., 2017; Tesche et al., 2018]. Compared to invasive FFR, non-
invasive virtual FFR cannot yet fully replace direct measurements in all cases, however, it serves as
a valuable preliminary screening tool, allowing the number of unnecessary invasive procedures to be
reduced while maintaining a high level of diagnostic accuracy [Guan et al., 2023; Peters et al., 2024].

Another non-invasive approach is the Quantitative Flow Ratio (QFR) — a non-invasive method
based on the analysis of standard X-ray angiographic sequences [Saito et al., 1990; Chu et al.,
2022]. Its accuracy and clinical applicability directly depend on the reliability of automated image
processing algorithms, which must ensure correct analysis of the temporal dynamics of contrast agent
propagation. Angiography-based quantitative flow ratio (QFR) shows high diagnostic accuracy in
identifying hemodynamically significant coronary stenosis compared to invasive fractional flow reserve
(FFR), with sensitivity and specificity often exceeding 85–90 % in multiple studies [Xu et al., 2017;
Westra et al., 2018a; Westra et al., 2018b]. QFR offers a less invasive alternative that can be computed
rapidly during coronary angiography, improving procedural feasibility and reducing time compared to
FFR [Westra et al., 2018a; O’Brien et al., 2023]. However, in a large randomized trial (FAVOR III
Europe), QFR-guided revascularization was inferior to FFR-guided strategy for 12-month outcomes,
suggesting that FFR remains the preferred method when available [Andersen et al., 2024]. Diagnostic
concordance between QFR and FFR is strong even in complex coronary artery disease, although
lesion location may influence agreement [Kawashima et al., 2022]. In calcified lesions, a Murray
law-based QFR variant (μQFR) shows moderate diagnostic accuracy but somewhat lower sensitivity
and specificity than in noncalcified vessels [Bennar et al., 2025]. Overall, QFR demonstrates good
diagnostic performance but is not yet a complete replacement for invasive FFR [Xu et al., 2017;
Westra et al., 2018a; Westra et al., 2018b; Andersen et al., 2024].

Recent advances in deep learning have significantly improved automated coronary artery
segmentation in X-ray angiography, addressing challenges such as low contrast, motion artifacts, and
overlapping structures. Models like the Temporal Vessel Segmentation Network (TVS-Net) leverage
temporal information from sequential frames to achieve high accuracy (Dice scores around 83–86 %)
and robustness across datasets [He et al., 2025]. Fully convolutional networks trained on large datasets
have demonstrated real-time segmentation with high F1 scores (∼ 0.92), effectively capturing stenotic
regions and vessel connectivity [Yang et al., 2019]. Ensemble methods combining deep learning with
filter-based features also show strong performance, achieving F1 scores near 0.87 and high specificity,
which aids in accurate stenosis assessment [Gao et al., 2022]. Attention mechanisms, multiscale
context fusion, and lightweight architectures further enhance segmentation accuracy while reducing
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computational costs, with sensitivity and specificity often exceeding 80–90 % [Algarni et al., 2022; Li,
Fan, 2024; Tao et al., 2022; Zhang et al., 2023]. Additionally, some approaches integrate preprocessing
techniques like contrast enhancement and post-processing refinement to improve vessel continuity and
reduce false positives, supporting more reliable clinical diagnosis and treatment planning [Hassan et
al., 2025; Nobre Menezes et al., 2023]. However, automated blood flow velocity estimation using deep
learning in X-ray angiography remains less explored in these studies.

The computation of QFR necessitates personalized data, including vascular geometry, as well as
pressure and velocity profiles. While the geometry is typically reconstructed from biplane angiographic
projections and pressure can be obtained via direct or indirect measurements, velocity estimation
remains a more complex task. Conventional approaches to velocity assessment include frame counting,
bolus tracking [Zhang et al., 2018; Sokolov et al., 2019], and transit time analysis [Wu et al., 2022].
In our study, we propose an alternative velocity estimation technique based on the formulation and
solution of an inverse one-dimensional transport problem. The technique for inverse problem solution
was proposed by V. I. Vasilev et al. [Васильев и др., 2026].

The key technological challenge in implementing QFR is the processing of angiographic data,
which includes vessel segmentation, reconstruction of their centerlines, identification of characteristic
points (such as bifurcations), and, most importantly, temporal analysis to determine blood flow velocity.
This process is complicated by several factors: vessel motion due to cardiac and respiratory artifacts,
low structural visibility in noncontrast phases, and complex cases of vessel geometry involving self-
intersections on projection planes. Traditional processing methods often require manual correction.

This article describes a comprehensive algorithmic approach to the automated processing of
angiographic images for QFR calculation. The presented methodology covers the full pipeline: from
the data preprocessing and vessel segmentation stage to the extraction of centerlines, temporal analysis
of contrast propagation, and direct calculation of blood flow velocity. The goal of this work is to
create a robust tool capable of minimizing the need for physician intervention during the analysis stage
and improving the accuracy of non-invasive assessment of hemodynamic impairments, which holds
significant potential for widespread adoption in clinical practice.

Velocity identification in 1D transport model

The evolution of the contrast agent concentration C(x, t) in a one-dimensional vessel
segment x ∈ [0, L] is governed by the advection-diffusion equation:

∂C
∂t
+ V
∂C
∂x
− D
∂2C

∂x2
= 0, x ∈ (0, L), t ∈ (0, T ], (1)

where V(t) represents the flow velocity to be identified, and D is the effective longitudinal diffusion
coefficient. In our work we assume that the diffusion coefficient D is constant, and the velocity V(t)
is the same along the entire segment and depends only on time. The system is supplemented with the
initial condition C(x, 0) = C0(x), representing an initial concentration in the vessel prior to injection,
and the observed inflow and outflow boundary conditions C(0, t) = g0(t), C(L, t) = g1(t), which
describe the contrast agent profile.

The forward problem consists of finding C(x, t) given a known velocity V(t). In this study, we
consider the inverse coefficient problem where the velocity is unknown and must be recovered from
experimental observations. We assume that the concentration is known at the initial time, and is also
monitored at the inlet and outlet of the vessel, providing the measured data C0(x), g0(t), and g1(t). We
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also assume that an additional integral overdetermination condition is used:

L∫

0

C(x, t) dx = Φ(t). (2)

The inverse problem is thus defined as finding a parameter V(t) such that the solution to the
transport equation (1) matches the observed integral overdetermination condition (2).

In our work we use the computational technique for the inverse problem solution proposed
by V. I. Vasilev et al. from Ammosov North-Eastern Federal University and presented at the Sixth
International Conference “Supercomputer Technologies of Mathematical Modelling” in July, 2025 [Ва-
сильев и др., 2026]. The technique is based on the decomposition of the solution similar to that
proposed in the previous work [Вабищевич, Васильев, 2014]. We briefly outline this computational
technique below with minor changes in the notation used and accounting for the diffusion coefficient D.
For simplicity, we assume that the effective longitudinal diffusion coefficient D is constant.

Consider the finite difference approximation y j
i = C(xi, t j) on the uniform grid xi = ih, where h =

= L
N , and t j = jτ, where τ = T

M . The semi-implicit scheme for the transport problem (1) gives:

y j
i − y j−1

i

τ
+ V j

y j−1
i − y j−1

i−1

h
− D

yj
i+1 − 2y j

i + y j
i−1

h2
= 0, i = 1, 2, . . . , N − 1, j = 1, 2, . . . , M, (3)

y j
0 = g0(t j), y j

N = g1(t j), j = 1, 2, . . . , M, (4)

y0
i = C0(xi), i = 0, 1, . . . , N. (5)

The integral overdetermination condition gives:

N∑
i=0

y j
i �i = Φ(t j), j = 0, 1, . . . , M, (6)

where

�i =

⎧⎪⎪⎪⎨⎪⎪⎪⎩
h, i = 1, 2, . . . , N − 1,

h
2

otherwise.

Introducing constants r = h2

Dτ , c = r + 2 and g = h
D , one can rewrite (3) at time step τ j in the following

form (with the signs of the expressions reversed):

y j
i−1 − cy j

i + y j
i+1 + ry j−1

i − V jg
(
y j−1

i − y j−1
i−1

)
= 0, i = 1, 2, . . . , N − 1, (7)

y j
0 = g0(τ j), y j

N = g1(τ j).

Next, one can decompose the solution in the following form:

y j
i = V jw j

i + z j
i , i = 0, 1, . . . , N. (8)

Using this decomposition, equation (7) gives

V j
{
w j

i−1 − cw j
i + w j

i+1 − g
(
y j−1

i − y j−1
i−1

)}
+
{
z j

i−1 − cz j
i + z j

i+1 + ry j−1
i

}
= 0, i = 1, 2, . . . , N − 1. (9)
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If both expressions in braces are zero, then the whole expression will be zero as well. So, a sufficient
condition for the solution of (9) is a pair of two linear systems with the same tridiagonal matrix:

⎧⎪⎪⎪⎨⎪⎪⎪⎩
w j

i−1 − cw j
i + w j

i+1 = g
(
y j−1

i − y j−1
i−1

)
, i = 1, 2, . . . , N − 1, w0 = wN = 0,

z j
i−1 − cz j

i + z j
i+1 = −ry j−1

i , i = 1, 2, . . . , N − 1, z0 = g0(τ j), zN = g1(τ j).
(10)

The velocity V j is computed from the integral overdetermination condition (6) as follows:

V j =

Φ j − N∑
i=0

zi�i

N∑
i=0

wi�i

. (11)

In summary, the general procedure proposed by V. I. Vasilev et al. for solving the inverse problem
to identify the velocity satisfying equations (1) and (2) can be outlined as follows: at each time step
solve linear systems with tridiagonal matrix (10) using the boundary conditions (4) for right-hand sides
and the initial condition (5) for the first time step, then compute velocity using (11), and update the
solution using (8).

In order to utilize the described algorithm, we need to extract the following data from the medical
images:

1) The length L of the vessel segment.

2) The initial concentration C0(x) along the vessel segment on the uniform grid, see (5).

3) The concentration profiles g0(t) and g1(t) for inlet and outlet boundary conditions, see (4).

4) The integral concentration profile Φ(t) over the whole vessel segment as the integral
overdetermination condition, see (2).

In this paper we also compare our results with a more classical approach using the center of
gravity method [Wu et al., 2022]. The latter approach does not require the integral concentration
profile Φ(t), and the velocity is simply estimated as VTCG =

L
tCG1−tCG0

, where the contrast agent arrival

times tCG* are computed as the center of gravity of the concentration profiles g∗(t) for the inlet and
outlet of the vessel segment, i. e.,

tCG* =

T∫
0

g∗(t)t dt

T∫
0

g∗(t) dt

. (12)

Angiographic image segmentation

The implementation of the proposed numerical method for blood flow velocity identification
requires the extraction of input parameters from sequences of angiographic frames. The mathematical
formulation of the inverse problem (1)–(2) relies on the values of the length of the considered
segment L, the boundary conditions g0(t) and g1(t), as well as the integral overdetermination
condition Φ(t) and the initial concentration distribution C0(x). In this section, we describe automatic
algorithms for vessel segmentation and tracking on angiographic images. The automation of obtaining
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these characteristics will allow minimizing the influence of noise and motion artifacts on the formation
of the computational domain. To this end, the proposed approach combines the stages of image intensity
calibration, morphological processing, and tracking of the vascular tree by characteristic points.

The complete algorithm for automated blood flow velocity determination can be represented as
the following sequence of steps:

1) Image preprocessing.

2) Vessel segmentation.

3) Vascular branching points detection.

4) Vessel detection on all time frames.

5) Calculation of contrast agent concentration in vessels.

6) Calculation of blood flow velocity.

The input data is a sequence of X-ray angiographic frames capturing the passage of contrast agent
through the coronary arteries.

During the preprocessing step (Step 1), a time-averaged image is computed for each set of
angiographic frames (Fig. 1). This average image represents the stationary anatomical background
(such as bones and other tissues) and the baseline vessel appearance without contrast. By subtracting
this average image from each frame, we significantly reduce noise and artifacts unrelated to contrast
dynamics, thereby enhancing the reliability of the subsequent analysis.

(a) (b) (c)

Figure 1. Preprocessing steps: (a) initial data, frame No. 72, (b) time-averaged angiographic image (156 frames
total), (c) data after processing, frame No. 72

At Step 2 the vessels are segmented. For each frame of the normalized image a multiscale vessel
enhancement filter (Sato filter [Sato et al., 1998]) is applied, which highlights tubular structures of
a given radius r. This filter computes a response for a given range of radii r, corresponding to the
expected range of vessel diameters in the image. The r values were selected discretely in the range
from rmin to rmax, expressed in pixels. The lower bound rmin = 0.8 mm corresponds to the finest visible
vessels, while the upper bound rmax = 2.5 mm corresponds to the widest ones. The final filter response
for each pixel is defined as the maximum response across all scales r.

The resulting vesselness response W(x, y, t) is then binarized using the Otsu thresholding [Otsu,
1979] method. To eliminate small gaps and noise inclusions, a morphological closure operation is
applied to the binary mask using a disk-shaped structural element with a radius of 0.5 mm. This
radius was chosen empirically as a compromise between the efficiency of connecting closely spaced
vessel segments and minimizing distortion of their geometry to obtain the final binary vessel mask Mt
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e722 A.A. Rebrova, A.A.Danilov

(a) (b)

Figure 2. Vessel segmentation: (a) initial data, (b) binary segmentation

(Fig. 2). Even after preprocessing, the resulting composite mask may still contain multiple disconnected
components. This occurs due to inherent image noise, nonuniform contrast distribution within the vessel
lumen, and temporal variations in contrast visibility where certain segments may appear discontinuous
between frames.

The extracted binary masks are used to automatically reconstruct vessel centerlines and identify
vascular bifurcation points.

From each binary vessel mask Mt, we compute the vessel centerlines using a skeletonization
algorithm [Lü, Wang, 1986]. Skeletonization reduces the binary vessel regions to one-pixel-wide
centerlines S t, effectively capturing the median paths of the vessels. These centerlines form a graph
of connected segments, where end points correspond to vessel terminals and junctions in the skeleton
correspond to branch points in the vessel network. We detect all branch points on the skeleton S t by
finding pixels that have more than two neighbors on the centerline (i. e., where a vessel splits into two
or more branches) (Fig. 3).

(a) (b)

Figure 3. Extraction of the vessel centerline and branch points: (a) all bifurcation points, (b) points that appear
to have multiple crossing segments are excluded from the branch point set

Typically, a bifurcation in a tree structure will appear as a skeleton junction with 3 connected
segments (a single parent vessel splitting into two children). However, in a 2D projection, different
vessels can overlap, producing a crossing that might also appear as a connected junction in the skeleton.

To distinguish true branch points of the vessel from artifactual crossings, for each candidate
point p on the vessel centerline, a square neighborhood N(p) of fixed size (e. g., 9 × 9 pixels) is
defined. The binary vessel mask within N(p) is analyzed to determine how it partitions the entire
neighborhood area into distinct background regions.

A point p is classified as a self-intersection point if the vessel structure divides N(p) into four
or more such background regions. If a skeleton junction has four or more connected segments, it is
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likely a projection of two vessels crossing each other rather than a single anatomical bifurcation. Our
algorithm identifies such junctions and removes them or marks them as nonbranch intersections. By
filtering out these high-degree nodes, we obtain a set of genuine branch points Bt for each frame t,
which represent actual bifurcations in the coronary tree (Fig. 3).

In order to focus on the specific vessel segment that contains the stenosis of interest, we
isolate that vessel from the full vascular network. We assume that the proximal (upstream) and distal
(downstream) endpoints of the target vessel segment are known or can be selected (for example, by
user input or by using clinical knowledge of the lesion location).

In order to transition from a dynamic image sequence to a one-dimensional computational model,
it is necessary to define a reference state of the vessel segment in which the geometric characteristics
are most clearly defined. Using an arbitrary frame for the centerline reconstruction is associated with
risks caused by the nonuniform filling of the artery lumen with contrast agent and the presence of noise
that distorts the visible boundaries and length of the vessel. Thus, the algorithm includes an automatic
search step, which selects the frame with the maximum contrast filling fmax. This frame is identified
by analyzing the binary vessel masks obtained from the preliminary segmentation of all frames in the
sequence. The frame for which the total area of the segmented vessel mask within the region of interest
reaches its global maximum is selected. This criterion directly corresponds to the phase of maximum
luminal filling by the contrast agent.

We utilize the frame with the maximum contrast fill as a reference, since in that frame the vessel
is most clearly visible and easiest to segment. In that frame ( fmax), we examine the skeleton and branch
points to identify the path between the given endpoints. This frame is used to form the reference
vessel mask, which is subsequently used both to determine the physical length L and as a basis for the
spatio-temporal tracking of the vessel geometry on frames with low or absent contrast visibility.

(a) (b)

Figure 4. Identification of the target vessel segment with a stenosis: (a) centerline of target vessel, (b) resulting
mask applied to the image

Effectively, we carve out the single vessel of interest from the complex network. Along this
path, there may be one or more branch points where side branches diverge. We identify the branch
points at or near the endpoints of the chosen segment. In particular, we look for the branch point
closest to the proximal endpoint (where the target vessel joins a larger artery) and the branch point
closest to the distal endpoint (where the target vessel either ends or gives off a final branch). These two
branch points are designated as the extreme bifurcation points of the vessel segment. They will serve
as key landmarks (characteristic points) for tracking the vessel’s motion (Fig. 4). A fixed-width mask
is generated by dilating the vessel centerline. The width is selected to slightly exceed the maximum
apparent vessel diameter, ensuring complete lumen coverage. This mask is then served as a reference
template. During phases of absent contrast, the vessel’s trajectory is tracked via motion extrapolation,
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and this predefined mask is applied at the predicted locations to maintain a consistent region for signal
analysis throughout the temporal sequence.

With the target vessel segment defined on the reference frame fmax, the next step is to track this
segment through the time sequence. The primary challenge is that the vessel moves over time due to
cardiac motion, and in some frames the vessel may be poorly opacified or invisible if contrast has not
yet arrived or has cleared. We address this by tracking the positions of the characteristic branch points
(such as the two extreme bifurcation points identified above, and possibly additional branch points
along the segment) from frame to frame.

Our tracking algorithm works in both directions: starting from the reference frame fmax, we
track each branch point backward in time (to earlier frames) and forward in time (to later frames). For
each branch point in frame t, we search in frame t − 1 for the nearest branch point in Bt−1 that lies
within a small neighborhood of the previous location. If a matching point is found (based on minimum
distance or a threshold), it is considered to be the same physical point at time t − 1. By repeating this
for t − 1, t − 2, and so on, the branch point is followed back to the frame where it either disappears
(no match found, perhaps because the vessel is no longer visible) or the beginning of the sequence.
A similar procedure is applied forward in time for frames t + 1, t + 2, etc. This yields a trajectory of
each branch point through the sequence.

To ensure continuous vessel tracking in image frames where characteristic bifurcation points
were not visible or poorly defined (e. g., due to low contrast or overlapping structures), a template-
based tracking approach was employed.

A square region of interest (ROI) containing distinctive local texture was selected from
a reference frame where the vessel was clearly visible. In subsequent frames, the position of this
ROI was determined by maximizing the normalized cross-correlation coefficient between the reference
template and the search area. This method relies on the consistency of local image patterns caused
by the vessel wall and surrounding tissues, which remain relatively stable even in the absence of
contrast agent [Zaffino et al., 2022]. The calculated displacement vector of the ROI center was used to
extrapolate the position of the vessel segment, thereby maintaining tracking continuity throughout the
entire angiographic sequence.

This approach effectively “fills in” the vessel segmentation for frames without contrast by
leveraging the motion information gleaned from frames with contrast. The result is a complete
segmentation of the target vessel across all time frames of the sequence.

After obtaining the spatio-temporal segmentation of the vessel, we analyze the intensity of the
contrast agent within the vessel over time to estimate flow characteristics (Step 5). For each frame t,
we compute the mean intensity of the pixels inside the segmented vessel region (using the original
angiographic frames, not the subtracted ones, so that initial grayscale values are measured). We assume
a roughly linear relationship between image intensity and contrast agent concentration for the range of
interest.

Next, we convert the measured intensities into quantitative contrast agent concentration values
(Fig. 5). A linear mapping is constructed such that the maximum intensity value within the vessel
corresponds to zero contrast agent concentration, while the minimum intensity corresponds to a contrast
agent concentration of one. This yields an inverse linear relationship between intensity and contrast
agent concentration. The mapping is designed in this manner because, as contrast agent flows through
the vessel, the corresponding intensity value in the image decreases.

Finally (Step 6), we estimate the blood flow velocity from the temporal contrast curve (Fig. 6).
We use the algorithm proposed in the previous section for identification of velocity V(t) from
concentration curves g0(t) and g1(t) at proximal and distal ends, as well as integral concentration
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(a)

(b)

Figure 5. Measured contrast agent concentrations: (a) contrast agent concentrations at the start point and end
point of the vessel over time, (b) integrated contrast agent concentrations in the vessel over time

Figure 6. Blood flow velocity

profile Φ(t) and initial condition C0(x). Before applying the algorithm, the obtained concentration
curves are smoothed by a moving average method with a window width approximately equal to 2–5 %
of the total number of frames.
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The final blood flow velocity is determined as the time average from the moment of contrast
arrival until the moment of complete filling of the target vessel with contrast. Both moments were
automatically identified by the algorithm based on the change in mean intensity in the vessel mask:
tstart is the start of the monotonic increase of intensity (contrast arrival) and tmax is the moment when
the concentration profile reaches its maximum.

The result of these computations is an estimate of the flow velocity through the stenosed vessel.

Results

This section presents the results of testing the developed automated blood flow velocity
estimation algorithm. The primary task of the study is to analyze the sensitivity of the computational
scheme to variations in key parameters, such as the segmentation mask width, the diffusion coefficient,
as well as the spatio-temporal resolution of the computational grid and the methods of preliminary
data smoothing. To minimize the influence of external factors and ensure the reliability of numerical
estimates, at the calibration stage the first cycle of computational experiments is conducted on
a reference set of angiographic data, characterized by the smallest number of motion artifacts and
high quality of contrast bolus visualization. This makes it possible to determine the optimal values of
the model parameters that ensure the stability of the solution and the physical plausibility of the results.
Subsequently, to confirm the reliability and universality of the proposed approach, an extended study
is conducted on a group of patients with various pathologies of the coronary bed, whose data reflect
typical clinical variability and the presence of artifacts encountered in everyday clinical practice.

When using various variations of linear mapping between the intensities of the original image
and the contrast agent concentration in the one-dimensional problem, the calculated blood flow velocity
does not change, due to the linearity of the one-dimensional problem (1)–(2). However, if the original
data are used without mapping, that is, the intensity values of the original image are substituted as
the concentration in the one-dimensional problem, the resulting velocity becomes negative because
the image intensities decrease as the contrast agent accumulates. This suggests that without proper
intensity-to-concentration calibration, the velocity computation will yield spurious negative values due
to the inverse relationship between intensity and contrast agent concentration.

Let us evaluate the influence of the mask width at the segmentation stage on the calculated blood
flow velocity. The mean vessel diameter does not exceed 6–8 mm. If a mask is constructed with a width
close to that of the vessel, the velocity does not change significantly. If the mask width is larger, it
results in greater smoothing of the initial data, but the outcome remains the same. If the mask is too
narrow, it is susceptible to noise and the numerical scheme diverges.

For mask widths of about 8–16 mm (45–100 pixels), the resulting velocity remains approximately
285–289 mm/s. Using a mask larger than the vessel only smooths the data more without changing
the outcome. However, a very narrow mask leads to instability: at 35 pixels (5 mm) and at 1 pixel
(0.15 mm) the numerical scheme diverges, while intermediate small widths 25 pixels (3.8 mm)
or 10 pixels (1.5 mm) produce nonphysical velocities (negative or extremely high) (Table 1).

Let us evaluate the dependence of the calculated blood flow velocity on the diffusion coefficient.
From the presented data, we can see that the calculated blood flow velocity V strongly depends on

the diffusion coefficient D. At D = 14 mm2/s the velocity is only 70 mm/s, whereas at D = 142 mm2/s
it reaches 1170 mm/s, which is beyond physiological values. According to the literature data [Svitenkov
et al., 2018], for coronary arteries a diffusion coefficient in the range 50–100 mm2/s is typical. This
range corresponds to velocities of 285–350 mm/s, which agree well with known physiological norms.
Further increase in D leads to a nonphysiological growth of the velocity, indicating a violation of the
stability of the numerical scheme or that the model exceeds its applicability limits.
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Table 1. Dependence of blood flow velocity on mask width

Mask width (pixels) Velocity at D = 50 mm2/s (mm/s)
45 285
55 285
65 286

100 289
35 Scheme diverges
25 −91
10 330
1 Scheme diverges

Table 2. Dependence of blood flow velocity on the diffusion coefficient

D (mm2/s) V (mm/s)
14 70
28 130
42 216
50 285
54 293
56 313
71 329
85 347
99 348

113 485
128 529
142 1170

Table 3. The effect of different temporal and spatial resolution settings on the velocity

Simulation setting Velocity (mm/s)
Without interpolation 285
Time grid 2× finer 282
Spatial grid 2× coarser 321

The table above (Table 3) shows the effect of different temporal and spatial resolution settings
on the velocity. The reference case (no interpolation) yields V ≈ 285 mm/s. A time step twice as fine
(half the original step) results in essentially the same velocity 282, indicating the temporal resolution is
already sufficient. Using a spatial grid that is twice as coarse (half the spatial resolution) significantly
increases the computed velocity (to 321 mm/s). This shows that insufficient spatial resolution can
severely distort the results.

Let us evaluate the effect of different methods of smoothing the boundary and initial conditions
on the calculated blood flow velocity.

Table 4. Impact of smoothing techniques on calculated blood flow velocity

Smoothing method Velocity (mm/s)
Without smoothing 323
Moving average (window = 10) 285
Gaussian filter 292
Savitzky –Golay filter (window = 10, order = 3) 287
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Applying different smoothing techniques to the data affects the resulting velocity (Table 4).
A simple moving average (window length 10, which corresponds to approximately 1 %), which was
selected as the default in the processing pipeline, yields a velocity of about 285 mm/s, whereas
a Gaussian filter produces a slightly higher velocity (292 mm/s). In contrast, using the Savitzky –
Golay filter (window = 10, polynomial order 1) gives a velocity of 287 mm/s. This indicates that
the choice of a smoothing method can influence the velocity calculation, probably because each filter
handles noise and data trends differently.

When applying smoothing based on a moving average, different window widths also have an
influence on the velocity value. In the absence of smoothing, the solution is unstable due to the noise
component. With a window width of 10 frames, the solution is smoothed and an initial growth of
velocity with subsequent decay is observed. With a window width of 30 frames, the velocity decreases
monotonically starting from frame 35. In the case of truncating the sequence to frames with visible
contrast, the velocity value turns out to be somewhat underestimated due to the absence of smoothing
over the initial frames (Fig. 7).

Figure 7. Blood flow velocity calculated with different smoothing parameters: without smoothing, with moving
average window sizes of 10 and 30 frames, and using only frames in which contrast propagation occurs

To validate the accuracy of the automated velocity calculation, the results were compared against
the manually estimated ones. The manual reference velocity was calculated as the vessel centerline
length divided by the contrast transit time, where the transit time was defined as the interval between
the arrival of the contrast bolus at the proximal and distal endpoints, determined by visual inspection
of the angiographic sequence.

Our automated method yielded a velocity of v = 285 mm/s. The manual measurement for the
same dataset yielded v = 299 ± 27 mm/s. The close agreement demonstrates the clinical validity and
accuracy of the proposed automated algorithm.

Literature data [Svitenkov et al., 2018] indicate a physiological diffusion coefficient for the
left anterior descending (LAD) artery with a mean of 50 mm2/s and a maximum of 110 mm2/s. Our
simulation parameter D, set to 50 mm2/s, agrees with the mean value of the clinically observed range,
thereby ensuring the physical plausibility of the computed hemodynamic results.

Validation of the developed algorithm was carried out by comparing the calculated blood flow
velocity (Vcalc) with the reference velocity measured manually (Vman) for ten anonymized patient
datasets. The manually measured velocity was obtained by an expert through frame-by-frame analysis
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of contrast agent propagation. The velocity calculated manually by visual estimation (Vman) was
determined from the same angiographic sequence using the following procedure:

The frame corresponding to the initial arrival of the contrast bolus at the proximal point of the
vessel (tstart) was identified as the time point where the average intensity profile within the vessel mask
began its monotonic increase. The frame of maximum opacification (tmax) was identified as the point
where this intensity profile reached its global maximum.

The propagation time (Δt) was calculated as the difference in frame indices between tstart and tmax,
multiplied by the known time interval between consecutive frames. The physical length of the vessel
segment (L) was measured in millimeters along its centerline.

To account for the inherent uncertainty in precisely identifying the exact start and end frames,
a sensitivity analysis was performed. The velocity calculation was repeated with the start frame shifted
by ±1 frame. The variation in the resulting velocities provided an estimate of the manual measurement
uncertainty. This manually derived Vman served as the ground truth for evaluating the accuracy of the
fully automated velocity estimation algorithm.

Additionally, two alternative methods were implemented for comparison: the center of the gravity
method (VTCG) based on concentration-time curve analysis [Wu et al., 2022], and the visual estimation

method
(
Vcalc2

)
where the transit time was determined by algorithmic analysis of contrast propagation

across frames. For velocity calculation, we recorded the time points at which contrast disappeared at
the proximal and distal ends of the vessel segment; the difference between these moments, multiplied
by the frame interval, yielded the transit time, and velocity Vcalc2

was then obtained as vessel length
divided by this time.

The results are summarized in Table 5.

Table 5. Comparison of manually measured and algorithm-calculated blood flow velocities (in mm/s) for two
projection angles. The diffusion coefficient D = 50 mm2/s

Patient Branch
Projection 1 Projection 2

Vcalc Vman VTCG Vcalc2
Vcalc Vman VTCG Vcalc2

1 Left 142 155 ± 15 249 226 285 299 ± 27 350 226
2 Left 332 312 ± 39 110 266 301 298 ± 42 181 259
3 Left 272 305 ± 43 136 192 201 237 ± 23 282 263
4 Right 345 319 ± 45 252 309 321 304 ± 32 332 359
5 Right 115 114 ± 24 270 305 182 215 ± 23 369 257
6 Right 176 210 ± 52 303 432 152 196 ± 65 130 225
7 Left 80 100 ± 30 207 461 83 88 ± 8 146 122
8 Right 303 284 ± 17 351 327 198 245 ± 35 298 287
9 Right 265 294 ± 29 182 218 257 95 ± 6 196 204

10 Left 207 125 ± 5 148 169 168 126 ± 5 192 141

As shown in Table 5, the algorithm demonstrates good agreement with manual measurements.

Discussion and conclusions

This study presents a fully automated algorithm for segmenting coronary vessels in angiographic
sequences and deriving hemodynamic parameters critical for calculating the Quantitative Flow Ratio
(QFR). The proposed methodology addresses key challenges in angiographic analysis — namely, vessel
motion, variable contrast opacification, and complex 2D projections — by integrating temporal tracking,
motion extrapolation, and physiologically calibrated intensity analysis.
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It is important to note that the blood flow velocity is calculated from individual 2D projections.
The projection of the vessel length is usually smaller than the length of the real vessel, which leads
to a systematic underestimation of the velocity. When two orthogonal projections are available, the
projection lengths may differ significantly. If in one of the projections the vessel turns out to be
strongly foreshortened (for example, when imaging along the vessel axis), the calculated velocity will
be significantly lower than the true one.

If the velocities calculated from two projections differ significantly, preference should be given
to the projection where the velocity is higher. The higher velocity is most likely obtained from the
projection with less projection foreshortening, that is, with a more accurate estimation of the vessel
length. The underestimated velocity, on the contrary, indicates that the projection turned out to be
“short” and does not reflect the real geometry.

In zones with a branched network of vessels and overlapping branches, the accuracy of velocity
calculation decreases: the vessel mask captures neighboring structures, which leads to distortion of the
concentration curves and incorrect velocity estimation, since pixels not belonging to the target vessel
enter the computational region, which is especially critical in the contrast washout phases.

In addition, bifurcation points in the case of self-intersections of vessel projections can be
detected with errors, due to which the trajectory of vessel tracking from frame to frame is disrupted.

The velocity analysis in Table 5 shows that the largest discrepancies between Vcalc and Vman are
observed in those cases where the projection is characterized by strong vessel foreshortening or a large
number of self-intersections. The most illustrative example is patient 9 in the second projection: here the
manual estimate (95 mm/s) is more than twice lower than the automated one (257 mm/s). Visual control
revealed that the target vessel in this projection practically merges with the background, has many self-
intersections, and is overlapped by lateral branches. The algorithm, having no prior information about
the anatomy, attempts to extract a connected structure but mistakenly includes neighboring vessels in
the mask, which distorts both the segment length and the concentration profile.

It is also worth noting that our one-dimensional problem uses the assumption of a constant
velocity V(t) along the vessel. In reality, due to vessel narrowing, the blood flow velocity may vary
along the vessel. Similarly, the observed blood flow velocity in a two-dimensional projection will vary
as the angle of vessel inclination to the plane changes. Therefore, the velocity values obtained by
solving the inverse one-dimensional problem should be interpreted as average values of blood flow
velocity along the entire investigated vessel section.

Accurate determination of contrast agent diffusion values, and in particular longitudinal
diffusion coefficients in one-dimensional models of blood flow in human coronary arteries, remains
a challenging task due to the complex interaction of flow dynamics, vessel geometry, and physiological
conditions. Computational fluid dynamics studies show that contrast agent diffusion increases with
traveled distance and vessel diameter but decreases with higher flow velocities, causing systematic
underestimation errors in myocardial blood flow quantification ranging from about −28 % at rest
to −8.5 % under stress [Martens et al., 2019; Martens et al., 2017]. The effective longitudinal diffusion
coefficient relevant for coronary arterial blood flow is on the order of 10–100 mm2/s, as suggested by
1D models accounting for uneven concentration distributions across vessel cross-sections [Svitenkov
et al., 2018]. These models incorporate two coupled equations for average concentration and its
cross-sectional distribution parameter, capturing realistic propagation dynamics consistent with X-ray
angiography patterns [Svitenkov et al., 2018]. Additionally, stenosis severity influences contrast agent
transport by altering diffusion and advection coefficients [Alves et al., 2023; Graafen et al., 2011].
Overall, while exact validated numerical values vary depending on modeling assumptions and vessel-
specific factors, typical diffusion coefficients around 50 mm2/s and diffusion effects increasing with
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vessel length are supported by current computational studies in coronary arteries [Svitenkov et al.,
2018; Martens et al., 2019; Martens et al., 2017].

The strong influence of spatial grid resolution on the results highlights the computational
constraints of the method. While temporal refinement had a more subtle effect, significant coarsening of
the spatial grid produced nonphysical velocity estimates, emphasizing that the geometric fidelity of the
vessel reconstruction is paramount. The moderate variability introduced by different smoothing filters
further illustrates that preprocessing choices, while necessary for noise reduction, directly influence the
final quantitative output and must be standardized for clinical reproducibility.

A key validation of the method is its agreement with the manual clinical standard for velocity
estimation — dividing the vessel length by the visually assessed contrast transit time. The close
correlation between automated and manual measurements confirms that the algorithm successfully
captures the core hemodynamic event. By automating this process, the algorithm eliminates inter-
observer variability and significantly reduces analysis time, moving closer to the goal of real-time,
catheter-lab QFR assessment.
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