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Abstract—This paper proposes novel methods for the generation of synthetic CT images of cardiothoracic
injuries with foreign bodies (FB) localized in the cardiac region. These methods are intended to improve
the FB segmentation performance by machine learning models through the augmentation of training
datasets with synthetic images. A small real-world dataset was collected, consisting of 8 CT scans of
combat cardiothoracic injuries with foreign bodies (FB amount ranging from 1 to 3) localized in the heart
area, and an additional 4 "clean" CT scans of blast-induced cardiothoracic injuries where foreign bodies
are absent in the cardiac region. Through the analysis of the collected dataset and findings from similar
studies, the morphology of foreign bodies and the statistics of their localization in the heart during combat
cardiothoracic trauma were examined. Two methods for synthesizing artificial CT images of
cardiothoracic injuries with heart-localized FBs based on clean CT scans were developed: ReallnsFB-CT,
based on the insertion of regions of interest extracted from real injury CT scans-containing FB, artifacts,
and surrounding damaged tissues — into clean CT scans and MorphGenFB-CT, based on the
morphologically and statistically grounded generation of a 3D FB model, filling the model with Hounsfield
Unit values corresponding to the selected FB material, inserting the model into one of the heart chambers
on a clean CT scan, and the artificial generation of artifacts. Using both methods, CT images were
synthesized and compiled into training datasets (19 CT scans + 19 FB masks each). The visual, structural,
and statistical similarity between real and synthesized CT scans was proved.

Keywords—Synthetic data, data augmentation, segmentation, foreign bodies, cardiothoracic injury,

computed tomography.
L.INTRODUCTION

The full-scale Russian invasion of Ukraine has
presented military medicine with unprecedented
challenges. Specifically, there is a growing need for
treating penetrating gunshot and blast-induced chest
injuries that significantly damage the cardiovascular
system. Such injuries are often accompanied by the
localization of foreign bodies (FBs), such as
shrapnel and bullets, within or adjacent to the heart
and major blood vessels.

Among all combat traumas, chest injuries
account for 10—12%, while injuries to the heart and
great vessels comprise 3-4%. Although this
percentage is relatively small, it carries the highest
mortality rate—exceeding 80% at the pre-hospital
stage. Foreign bodies are identified in 15-20% of all
penetrating heart injuries. Furthermore, the presence
of an FB increases mortality risks (approaching
90%) due to the severe complications of late-onset
sepsis, myocardial abscess, and cardiac tamponade.

Treatment efficacy is determined by timely
diagnosis and evidence — based surgical tactics, with
Computed Tomography (CT) serving as the "gold
standard." However, the lack of complex, low-

mobility diagnostic equipment in field conditions,
combined with a shortage of highly qualified
medical specialists near the front line, limited time,
and high stress levels, often leads to suboptimal
surgical decisions. The application of Machine
Learning (ML) and Deep Learning (DL) offers new
possibilities for diagnosing penetrating chest wounds
and detecting FBs in the cardiac region. This allows
for: first, offloading medical personnel by delegating
diagnostic and surgical planning tasks to an Al-
based automated system; and second, providing
clinicians with a means to verify their own medical
conclusions, thereby minimizing errors and reducing
psychological pressure.

One of the initial diagnostic stages in planning FB
removal surgeries is FB segmentation. This process
helps determine critical spatial features, such as the
FB's linear dimensions, volume, and spatial
configuration relative to heart chambers and major
vessels. The primary challenge in segmenting
intracardiac foreign bodies using ML methods is not
a lack of specialized architectures — as many
approaches ranging from 3D U-Net to ViT and GNN
have been developed — but rather the scarcity of real
CT scans data. This scarcity is driven by the
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relatively low percentage of heart injuries, the high
pre-hospital mortality rate, and regulatory restrictions
limiting researcher access to sensitive medical and
military data. Consequently, the only viable solution
to this problem is the synthetic CT images generation
of images mimicking original patient scans to
augment real-world training datasets.

II.REVIEW OF PUBLICATIONS

Current research on the nature of military
conflicts and combat trauma statistics in Ukraine
(2014-2026) and worldwide demonstrates a gradual
shift in the structure of battlefield injuries. Unlike
conflicts of the previous century, blast-induced
trauma has become the dominant wounding factor,
accounting for approximately 70—85% of all injuries.
The proportion of gunshot wounds ranges from 10%
to 22% [4] [9] [16].

Analysis of combat trauma statistics indicates
that chest injuries comprise 10—12% of all battlefield
wounds, ranking third in frequency after injuries to
the extremities and the head. Approximately half of
these (5-6%) are severe penetrating injuries, and a
quarter (3—4%) are accompanied by damage to the
heart and great vessels (cardiothoracic trauma) [2]
[10]. Among blast-induced and shrapnel chest
wounds, 58-60% are blind (retained) injuries,
compared to approximately 12% for gunshot
wounds [16].

Regarding the distribution of foreign body (FB)
localization in blind penetrating chest wounds,
approximately one-quarter of FBs affect the heart or
major blood vessels. Most frequently, foreign bodies
are located within the myocardium or the cavities of
the right (45%) and left (35%) ventricles, while
atrial involvement (primarily the right atrium) is
significantly less common. Among the great vessels,
FBs are most often found within or adjacent to the
pulmonary artery and less frequently near the vena
cava and the aorta; nearly all cases of aortic damage
in combat conditions are fatal, with the wounded
often dying at the pre-hospital stage before medical
imaging, specifically CT, can be performed [1] [2]
[31[71116].

Based on contemporary studies of FB
morphology in blind combat cardiothoracic injuries,
it can be established that FBs primarily exhibit
cylindrical (52%), spherical (21%), flat-plate (15%),
or irregular jagged (12%) shapes. The linear
dimensions of foreign bodies vary from 0.5 mm to
several dozen millimeters, and their weight ranges
from 8 mg to 37.6 g. A typical FB (80% of cases)
has linear dimensions between 2 mm and 12 mm and
a weight between 0.3 g and 1 g. Almost all (93%)
FBs are metallic, while the remainder — including

secondary fragments — consist of plastic, wood,
glass, and other non-metallic materials [7] [15].

The foundation of modern emergency diagnostics
for cardiothoracic injuries is the eFAST protocol [8],
which enables the detection of free fluid (blood)
within body cavities via ultrasound within 2-5
minutes. This allows for rapid conclusions regarding
internal bleeding and informs critical decisions on
the necessity of urgent surgery. However, due to the
acoustic shadow phenomenon, it is impossible to
clearly segment a foreign body using ultrasound in
cases of blind (retained) heart injuries.

For the detection and precise segmentation of
foreign bodies, Computed Tomography (CT)
remains the only effective medical imaging
modality. The primary challenges in FB
segmentation within CT scans are the presence of
streaking (radiational) and motion artifacts. Such
artifacts distort the image and limit the efficacy of
simple segmentation methods, such as Hounsfield
Unit (HU) thresholding, necessitating the use of
more complex and universal approaches. It is also
crucial to consider that most modern CT scan results
are clipped at a maximum value of HU = +3071 (the
saturation effect). This limits the represented
radiodensity of steel (typically HU = 10,000—
18,000) to values close to those of certain metallic
artifacts or dense cortical bone (HU = 1,900-3,500),
further restricting the utility of threshold-based
methods and simple filters.

Several distinct methods are utilized for the
segmentation of foreign bodies (FBs) within the
chest, and specifically within the heart. The most
basic among them are threshold segmentation and
adaptive filtering; while these are computationally
simple and fast, they prove ineffective in the
presence of artifacts or in cases where the
radiodensity of the foreign body is equal to that of
the surrounding tissues.

Machine learning methods offer greater
versatility and artifact tolerance. Utilizing ML
models based on architectures ranging from 3D
U-Net to Vision Transformers (ViT) can yield
relatively accurate results, provided there is a
sufficient quantity and quality of training data.
Recently, the nnU-Net framework [17] was
developed, which performs automated data
preprocessing, augmentation, and hyperparameter
tuning prior to training a U-Net-based model.
Furthermore, the wuse of lightweight CNN
architectures shows promise for solving specific
tasks such as FB segmentation, detection, or
classification from various imaging modalities,
including ultrasound [18].
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While the scarcity of medical data, particularly
CT scans, for training ML models is a widespread
issue, research specifically focused on data synthesis
and augmentation to improve the accuracy of foreign
body (FB) segmentation in the chest and heart is
nearly non-existent. A study was recently published
exploring the generation of synthetic X-ray images
and their use in augmenting real-world data to
enhance FB detection accuracy in the thoracic region
[19]. The study demonstrates that a model trained on
a real-world dataset augmented with synthetic
images achieves higher detection accuracy than a
model trained solely on real images. Furthermore,
the X-ray synthesis method — based on inserting FB
images into clean scans followed by the physical
modeling of artifacts — yields significantly better
results than approaches based on diffusion models.

III.PROBLEM STATEMENT

The objective of this work is to investigate the
epidemiology, statistics, and morphology of
penetrating cardiothoracic injuries characterized by
the localization of foreign bodies within the heart
and/or near major blood vessels, and to develop
methods for synthesizing artificial CT scans images.
These synthetic images are intended to augment
limited real-world datasets to improve the accuracy
of foreign body segmentation in the heart using state-
of-the-art machine learning methods and models.

To achieve the objective of this work, the
following tasks must be addressed.

Development of image synthesis methods for
injury CT scans with Foreign Bodies (FBs): create
algorithms for generating 3D models of foreign
bodies that incorporate the morphological statistics
of combat injuries (shapes, sizes, and materials of
fragments, with a focus on metallic materials) and
methods for inserting synthetic objects into real CT
scans ("clean" donor images), which includes:

e imitating the saturation effect at the + 3071
HU level to reproduce the real behavior of the
scanner detector;

e algorithmic modeling of metal artifacts
(streaking artifacts) that arise around metallic
fragments and distort the surrounding myocardial
tissues;

e inserting the synthetic fragment into one of
the four cardiac chambers (left ventricle, right
ventricle, left atrium, right atrium) with probabilities
corresponding to the distributions found in real-
world clinical studies.

More formally: for a dataset of real CT scans of
cardiothoracic injuries with FBs localized in the
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Evaluation of Synthetic CT Image Realism: To
demonstrate the morphological and statistical
fidelity of synthetic CT scans compared to the gold
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standard (real-world images) through HU histogram
analysis.

IV.PROPOSED METHODS AND RESULTS

The first method, ReallnsFB-CT, consists of
extracting volumetric regions of injury (ROIs)
containing the foreign body, its associated artifacts,
and the surrounding tissues from real-world injury

CT scans X of CT, based on Y'™ masks.

These fragments are then inserted—with random
rotation and Gaussian blurring of the tissue
boundaries — into a randomly selected cardiac
chamber on a "clean" real-world CT scan X'
based on the statistical distribution of FB
localization in clinical injuries (e.g., the probability
of fragment insertion into the right ventricle is 45%).
The ROI can be entirely inserted (¥, < M)
into one of the four cardiac chambers (left ventricle,
right ventricle, left atrium, right atrium) according to
the following probabilities (Table I).

TABLE L. CARDIAC CHAMBERS FOR ROI INSERTION
PROBABILITIES
Heart Chamber Insertion Probability
Left Ventricle 35%
Right Ventricle 5%
Left Atrium 45%
Right Atrium 15%

The TotalSegmentator model [20] is utilized for
the segmentation of cardiac chambers from CT scans
and the extraction of their respective masks to
facilitate the subsequent insertion of foreign bodies
into the heart. An example of a cardiac mask with
segmented chambers shown in three projections is
illustrated in Fig. 1.

Fig. 1. Cardiac mask with segmented chambers obtained
using the TotalSegmentator model: (1) is the axial;
(2) is the sagittal; (3) is the coronal

The schematic diagram  describing the
ReallnsFB-CT method is shown in Fig. 2.

The second method, MorphGenFB-CT, involves
the generation of 3D foreign body (FB) models

NFB . .
(SFB :{Xl.(FB)}_i1 ) based on statistical data

regarding the size and morphology of FBs in

cardiothoracic injuries,
insertion (Y™ <

from M

heart

followed by their entire

M(c”)) into a cardiac chamber
_{Muw M(la) M(’”) M(m)} clean
i=1
randomly selected based on previously mentioned
probabilities with random rotation and synthetic
artifact generation. This method allows for flexible
material selection by filling the 3D model with
specific Hounsfield Unit (HU) values corresponding
to different materials. For example, for aluminum,
HU values ranging from +2000 to +3500 are used
and subsequently clipped at +3071 HU, which is the
upper limit for most modern CT scanners. When
augmenting a specific dataset with synthetic images,
it is recommended to use HU values that match the
FB materials present in the real-world data. The
algorithm implementing the MorphGenFB-CT
method consists of the following primary steps.

1) Generation of 3D Foreign Body Models in
Voxel Space: the method is based on stochastic
modeling within a voxel grid with a resolution of
0.5 mm. Base Primitive: An initial geometric
primitive (ellipsoid or spindle) is created, with
parameters varying based on the specified type:
cylindrical, spherical, compact, needle-like (utilizing
bending transformations), or plate-like
(incorporating random through-hole defects).

aaaaaaa CT Data mm
FB (CTinj + CTclear

gt D SuTentation vty
Clear CT Random Selectior s)mchtcrym)

Real FB Cropping

Fig. 2. ReallnsFB-CT method

® Surface Realism: To achieve a natural
appearance, a low-frequency Gaussian noise field is
applied to the surface, and radial sharp-angled spikes
are added.

e Morphological Refinement: The final stage
employs morphological filtering to ensure fragment
integrity.

e PBinary Closing: Fills
internal voids.

small undesirable
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e Binary Opening: Removes small "noise" and
isolated pixels around the shape. Largest Connected
Component: Identifies the largest contiguous object
and removes all isolated points resulting from noise.

2) Spatial Adaptation, Positioning, and FB
Insertion: the algorithm prepares the "scene" for the
3D model insertion:

® Resampling: Since the generator's voxel grid
(e.g., 0.5 mm isotropic) may differ from the CT
scan's resolution (e.g., 1.0 x 1.0 x 0.8 mm), the
fragment's 3D model is adjusted to the specific CT
resolution using interpolation.

e Intelligent Placement: A center point for the
FB model is selected. Instead of a purely random
selection, the method utilizes an Euclidean Distance
Transform (EDT) on the randomly selected mask of
one of the four cardiac chambers masks

Netean .
Mheart = {Mi(lV)9 Mi(la)’ Mi(rV)’ Mi(ra)}, [ ThlS

ensures the fragment is placed deep enough within
the chamber to fit entirely within its boundaries.

3) Physically Grounded HU Filling
(Heterogeneous Appearance): A metallic FB on a
CT scan does not consist of voxels with a single
uniform HU value. The algorithm simulates the
following physical properties:

e High Density: HU values are set within the
range of +1800 to +12000 (typical for steel,
aluminum, and other metals).

e Heterogeneity: Random Gaussian noise and a
"hotspot" at the fragment's center are added to
simulate non-uniform photon absorption relative to
the object's thickness.

4) Metal Artifact Generation: This is the most
critical step for realism. Since metal causes X-ray
scattering and photon starvation, artifacts are added
to each 2D slice containing the FB. While not
perfect physical replicas of specific scanner physics,
they are heuristically and statistically consistent with
common CT artifacts through the following steps:

® Radial Streaks: 5 to 18 radial rays are
generated from the fragment's center.

e Bright/Dark Rays: Some rays are rendered
bright (scattering, reconstruction errors), while
others are dark (photon starvation).

o Angular Jitter: Random angular displacement
of the rays is applied to ensure a natural and chaotic
appearance.

5) Physical Blending and Storage:

® [Local Blur: The boundaries between metal
and tissue are softened using a Gaussian filter. This
simulates the partial volume effect, where object
boundaries do not align perfectly with voxel edges.

i=1

o Saturation Simulation: Each voxel's HU value
is clipped at the +3071 HU threshold.

e Mask Preservation: Simultaneously with the
modified CT, an ideal binary fragment mask is
generated for training machine learning models.

The schematic diagram of the MorphGenFB-CT
method is shown in Fig. 3.

Below are the slices of artificially synthesized
CT images of cardiothoracic injuries with a metallic
foreign body (FB) localized in the left ventricle,
generated using the ReallnsFB-CT (Fig.4) and
MorphGenFB-CT methods (Fig. 5 — insertion of a
synthetic FB without artifacts; Fig. 6 — insertion of a
synthetic FB with artifacts). These can be compared
with a real-world cardiothoracic injury CT scan
(Fig. 7).

All real-world CT scans were performed using
the same equipment. All CT datasets (real-world
with FBs, "clean" real-world, and synthetic) are
anatomically constrained between the upper part of
the L1 vertebra inferiorly and the jugular notch
superiorly, covering the same body regions and
organs. Figure 8 illustrates the 3D FB model that
was inserted into the CT scan in Fig. 5 during
synthesis via the MorphGenFB-CT method.

Additionally, averaged HU (Hounsfield Unit)
density distribution histograms were constructed for:

1) A set of 8 real-world CT scans containing
19 FBs.

2) A set of 19 CT scans (one FB per scan)
synthesized using the ReallnsFB-CT and
MorphGenFB-CT methods based on 4 "clean" CT
scans (Figs. 10-12).

Furthermore, similar averaged histograms were
generated for the Regions of Interest (ROIs) across
all three CT sets, specifically encompassing only the
foreign body, visible artifacts, and the immediate
surrounding tissues (Figs. 13—15).

Fig. 3. MorphGenFB-CT method



50 ISSN 1990-5548 Electronics and Control Systems 2026. N 2(88): 45-53

Fig. 4. Synthetic CT scan generated using the ReallnsFB-CT

method: (1) is the axial; (2) is a sagittal; (3) is the coronal

3)

| adl

Fig. 5. Synthetic CT scan generated using the
MorphGenFB-CT method with FB, without artifacts:
(1) is the axial; (2) is a sagittal; (3) is the coronal

3)

Fig. 6. Synthetic CT scan generated using the
MorphGenFB-CT method with FB and artifacts:
(1) is the axial; (2) is a sagittal; (3) is the coronal

== i
Fig. 7. Real CT scan: (1) is the axial; (2) is a sagittal;
(3) is the coronal

Fig. 8. 3D model of the foreign body and the result of its
insertion into a "clean" CT scan

1
1) ROI

"

ROI

Fig. 9. ROIs for: (1) is the ReallnsFB-CT method;
(2) is the MorphGenFB-CT method
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Fig. 10. Averaged HU distribution histogram for real-

world CT scans
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Fig. 11. Averaged HU distribution histogram for CT
scans generated using the ReallnsFB-CT method

Averaged HU distribution histogram for CT scans generated using the MorphGenFB-CT method (Scale: Vcount)

-~ Water (0 HU)
— Muscles (~60

)
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500 o 00 2000 2500 3000

w00 1500
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Fig. 12. Averaged HU distribution histogram for CT
scans generated using the MorphGenFB-CT method

Averaged HU distribution histogram for real ROIs
Scale: Vcount

500 1500 2000 2500

1000
Hounsfield Units (HU)

Fig. 13. Averaged HU distribution histogram for real
ROIs
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for RealinsFB-CT ROIs
Scale: Vcount

Averaged HU

1000
Hounsfield Units (HU)

Fig. 14. Averaged HU distribution histogram for
ReallnsFB-CT generated ROIs

Averaged HU distribution histogram MorphGenFB-CT generated ROIs
scale: Vcount

1000
Hounsfield Units (HU}

Fig. 15. Averaged HU distribution histogram for
MorphGenFB-CT generated ROIs

The histograms demonstrate a nearly identical
averaged HU distribution for the real-world CT
datasets and the CT sets synthesized using the
ReallnsFB-CT and MorphGenFB-CT methods,
indicating the statistical similarity between the real
and synthetic data. The distribution of HU values
corresponding to soft tissues and fluids differs
slightly between the real-world CT set and the set
synthesized via the ReallnsFB-CT method. This
discrepancy is attributed to the inherent differences
between the "clean" real-world CT scans used for
synthesis and the original injury scans, as well as the
fact that the ReallnsFB-CT method involves
extracting not only the foreign body mask but also
the surrounding tissues and artifacts for insertion
into the donor scan.

A comparison of the CT slices synthesized using
the ReallnsFB-CT and MorphGenFB-CT methods
with real-world CT scans confirms that they are
visually and structurally similar, exhibiting nearly
identical streaking and starburst artifacts.

V.CONCLUSIONS

Based on the analysis of scientific publications
and the study of combat cardiothoracic trauma
statistics, the importance of developing tools for the
segmentation of foreign bodies (FBs) (bullets,
fragments, etc.) in the heart via CT was
substantiated. The necessity of employing machine

learning models within such tools was established,
as  conventional analytical methods (HU
thresholding, adaptive filtering) fail to effectively
segment foreign bodies in the presence of artifacts
and saturation effects. Furthermore, the need for
synthetic CT image generation to augment the scarce
real-world datasets required for training 3D U-Net or
ViT-based architectures to improve segmentation
accuracy was addressed.

The morphology of foreign bodies localized in
the cardiac region during combat cardiothoracic
traumas was studied. A small dataset was compiled,
consisting of 8 CT scans of cardiothoracic injuries
with FBs localized in the cardiac area and 4 "clean"
CT scans of patients with blast-induced injuries who
lacked foreign bodies in the heart region.

Two methods for synthesizing artificial CT scans
of cardiothoracic injuries (ReallnsFB-CT and
MorphGenFB-CT) were developed, and the visual,
structural, and statistical similarity of synthesized
and real-world CT scans was demonstrated.

The advantage of the ReallnsFB-CT method lies
in its use of foreign body images extracted directly
from real CT scans.

The advantage of the MorphGenFB-CT method
is its applicability even in the absence of real FB
images, relying solely on statistical and
morphological data, alongside the flexibility to
select FB materials during the 3D model voxel-
filling stage.

A limitation of the ReallnsFB-CT method is the
necessity of extracting not only the foreign body
itself but also the surrounding tissues and artifacts.
This restricts the number of potential implantation
sites while maintaining anatomical consistency and
renders the synthesis of cardiac FB scans using
fragments extracted from other organs less effective
due to discrepancies in tissue structure and
radiologic density. A shared limitation of both
methods is the lack of modeling for tissue
deformation and structural changes caused by the
injury (e.g., wound channels, hematomas, or free
fluid from hemorrhages), although such changes are
often obscured by artifacts.

Future research may involve the development of
a hybrid method that extracts only the fragment from
a real CT scan (ReallnsFB-CT approach), inserts it
into a "clean" CT, and then simulates artifacts
around it (MorphGenFB-CT approach). However,
such a method would require a large number of
precisely labeled fragments, which remains a
significant challenge. Additionally, a comparative
study of neural network models (specifically using
the nnU-Net framework) can be conducted by
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training on various dataset types: exclusively on
limited real-world CT images versus mixed datasets
(real + synthetic CT) utilizing the proposed synthetic
augmentation methods.
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0. M. Kociok, O. I. Yymauenko. I'enepanis cunteTuunnx KT-300pakeHb mopaHeHux i3 Jiokagizaiieio cTopoHHixX
Tin y cepui

CrarTio mpucBsiueHo reHepanii cuHreTHyHUX KT-300paskeHb KapioTOpakalbHHX MOpaHEeHb 31 CTOPOHHIMH TiIaMH
(CT), nokanizoBaHMMH B 00JacTi cepis, MO MOXKe OyTH KOPHCHHMM 30KpeMa JJisl MOKPAIeHHS TOYHOCTI CEerMEHTALlil
CT mMopnensiMM MalIMHHOTO HAaBYAaHHS LUISIXOM JOIOBHEHHsS HAaBYAIBHHMX JIATAaceTiB CHHTETUYHUMHU 300paKCHHSIMHU.
3i0paHo HEBEeNMKHMH Hadip peanbHUX JaHuX, MO ckiagaeTbes 3 8-mu KT 0oioBHX KapaioTopakalbHHX MOPaHEHb 3
JIOKauizalieto ctoponHix Ti (Bix 1 1o 3) B o6nacti cepus, ta me 4-x ynctix KT MiHHO-BHOYXOBHX KapliOTOpaKalbHUX
MOpaHEeHb, HA SIKUX CTOPOHHI Ti1a B OONAcTi cepiis BiACYTHI. 3a IOMOMOIOI aHami3y 3i0paHOro maTacery Ta
pe3yIBTATIB CXOXKUX MOCIHIKCHh BHBYCHO MOPQOJOTII0 CTOPOHHIX TiJ 1 CTATHCTUKY iX JOKami3amii B cepui HpH
001OBHX KapIiOTOpaKadbHUX TpaBMax. Po3pobieHo 2 meronu cuHTedy mTydHHX KT-300pakeHb KapioTOpaKalbHUX
mopaHeHs 3 nokamizamiero CT y cepui Ha 6a3i ynctux KT: ReallnsFB-CT, 3acHOBaHMIT Ha BCTaBIli €KCTPArOBaHUX 3
peamsanx KT mopanens ¢gparmentiB (ROI), ski mictsate CT, apTedakTi Ta HABKOJIUIIHI MTONIKO/KEHI TKAaHUHH, Y YHACTI
KT i MorphGenFB-CT, 3acHOBaHUI1 Ha MOP(]OIOTIYHO Ta CTATUCTHIHO OOTPYHTOBaHIH MTy4HINA rerepamnii 3D-momemni
CT, 3anoBHenHs Mozieni 3HaueHHssMu HU, ski BignoBinatoTe oOpaHomy marepiany CT, BctaBui Mojienii B OHY 3 Kamep
cepust Ha unctoMy KT Ta mityuniit renepariii apredakTis. 3a J0IOMOTor0 000X MeTo/iB cuHTe30BaHO KT -300pakeHHs,
310pani y HaB4anbHi Habopu manux (mo 19 KT + 19 macok CT y koxkHomy). JloBeneHO Bi3yasbHYy, CTPYKTYPHY Ta
CTaTUCTUYHY CXOXKICTh PealbHUX Ta TYy4yHO cuHTe30BaHux KT.

KirouoBi cjioBa: CHHTCTHYHI [aHi, JOMOBHEHHsS TaHHWX, KapaiOTOpakajbHa TpaBMa, CErMEHTAllis, CTOPOHHI TiJa,
KOMIIT F0TepHa ToMOrpadis.
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