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Abstract

In neuro-radiological diagnosis, the imaging technology known as Computed Tomography (CT) has advanced
significantly. Both traditional CT approaches and new techniques are encompassed in the advances. The
fundamentals of CT imaging, such as X-ray attenuation, data collection, and image reconstruction (such as iterative
reconstruction and Filtered Back Projection, or FBP), are crucial for its use as a tool. There are many types of CT
scanners--axial, spiral, Multidetector CT (MDCT), and Cone Beam CT (CBCT)- each has different configurations and
applications. The diagnosis of neurological disorders, such as stroke, traumatic brain injury, brain tumors, and
congenital or degenerative diseases, makes extensive use of CT imaging. The recent advancements in CT technology
(MDCT and now Dual-Energy CT (DECT) or Perfusion CT) have facilitated more accurate diagnoses and have
provided a new methodology to determine functional status. The applications of artificial intelligence (Al) and
machine learning (ML) in neuroimaging is gaining traction with several studies utilizing Al and ML to synthesize
contrast-enhanced CT images, use multimodal neuro-imaging data to classify neurological disorders or optimize data
and image reconstruction ability.
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Introduction The increase of CT machines in hospitals and
emergency services has boosted doctors’ ability to
correctly diagnose and provide fast treatment, leading
to improved patient outcomes. Over the past few
decades, continuous innovations in CT technology have
further solidified its place in routine healthcare
practice, especially for brain imaging.

The severity of neurological diagnostic issues has
decreased due to the advancement of contemporary
technology that enhances the delivery of acute
neurological treatment and the expanding dynamics.
About 600 illnesses can affect the neurological system,
according to a thorough analysis of medical records as

A complex and varied group of issues, neurological
illnesses have a detrimental impact on people and put a
great deal of strain on healthcare systems worldwide
[1]. Whether in the realm of neurodegenerative
diseases or urgent neurological emergencies, the
demand for effective and creative therapies is
significant. This introduction provides some context
concerning current efforts in drug discovery and
development in neurological disorders and the current
pandemic of developments and research for insights

and improvements in this field of rapid change.

CT has become a fundamental part of modern
health care, particularly in the emergency medicine
and neuro-radiology disciplines. It provides quick, non-
invasive, and high-resolution pictures of internal
structures, which have become essential for clinicians.
CT is crucial for the early detection and management of
life-threatening neurological disorders, especially
stroke, traumatic brain injury, and intracranial
haemorrhage [2].
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well as literature. Alzheimer's, epilepsy, dementia, and
cerebrovascular disease are some of these conditions.
Included are stroke, multiple sclerosis, Neuro-
infections, Parkinson's disease, brain tumors, and
illnesses of the traumatic nervous system (including
autism and brain trauma) [3][4].

MRI is the mainstay of imaging for
neuroradiologists in their modern practice. In addition
to enabling functional imaging techniques like
perfusion, diffusion, as well as spectroscopy, it enables
direct imaging of the feeding arteries and the whole
brain. The ability of MRI to describe brain tissue is one
of the reasons it has mostly replaced CT in clinical
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routine imaging. In acute situations, such as
neurotrauma, patients exhibiting symptoms of acute
hemorrhage, and patients for whom MR imaging is
contraindicated, CT is still the recommended imaging
modality [5][6][7]. Nevertheless, CT indications are
once again adjusting because of DECT, which made
tissue characterization conceivable. Before CT,
neuroimaging could only be done indirectly by looking
at the brain. Common diagnostic options included
traditional X-rays, myelography,
pneumoencephalography and arteriography.

One of the most extensively studied areas of
radiology nowadays 1is Al, which includes its
subdivisions of ML as well as DL. Neuroradiology is
among them. Findings from a recent PubMed database
search for "artificial intelligence" and "neuroradiology”
indicate that 2021 and 2022 had the highest number of
articles. Neuroradiology really accounts for almost
one-third of all radiology papers pertaining to AL It
looked at the material in the titles of all PubMed entries
from this query beginning in 2017 and found that a
rather significant number of DL papers deal with brain
imaging, particularly imaging for stroke, which is a
common issue [8][9]. Al can completely transform the
medical imaging sector with more research and
expanding industry capital investment, offering better
patient outcomes, lower costs, more efficiency, as well
as enhanced diagnostic accuracy [10]. Contrary to early
predictions that Al will replace radiologists, a new
paradigm has emerged recently that holds that Al
would complement current radiologists and enable
better, more effective patient care.

Structure of the Paper

This paper is structured to systematically review
advancements in CT imaging for neuro-radiological
diagnosis: Section I provides the introduction. Section
II delves into the basic principles of CT imaging. Section
III explores its clinical applications in diagnosing
various neurological disorders. Section IV highlights
recent technological advancements and challenges in
CT. Section V investigates the use of ML and Al in
medical images. Finally, Section VI presents the
conclusion and outlines future work in the field.

Fundamentals of CT Imaging in Neuroradiology

CT imaging's speed, accessibility, and capacity to
identify acute neurological disorders make it an
essential tool in neuroradiology. CT creates cross-
sectional pictures of the brain and spine using X-rays,
allowing for rapid assessment of trauma, stroke,
hemorrhage, tumors, and structural abnormalities. It is
particularly useful in emergency situations because to
its great sensitivity to bone and calcification [11][12].
Because CT scans are quicker and may be used in
critical care settings, it is still the first-choice modality
in acute situations even though. The contrast of soft
tissues is improved by magnetic resonance imaging
(MRD).

Basic Principles of CT Imaging

This section outlines the basic principles of CT imaging,
beginning with X-ray attenuation, data acquisition
from multiple projections, and the subsequent
mathematical reconstruction of 2D images. It further
explains Hounsfield Units for quantifying tissue density
and classifies CT scanners based on their data
acquisition methods, including axial, spiral, and cone-
beam designs.

X-ray Attenuation Through an Object

Some photons are absorbed by the sample when X-rays
go through it, while others make it to the detector. The
formula for exponential attenuation describes the
intensity of transmitted X-rays: I = Ie "*, where x is
the material thickness, p is the linear attenuation
coefficient, and I, is the beginning intensity. The
overall attenuation for numerous layers
is [je~(H1FH2*k3+Ha)X 55 stated by the Lambert-Beer
law. The observed intensity, representing the total of
the attenuation coefficients along the X-ray path is thus
proportional to the object's 2D transparency.

Computed Tomography Image Data Acquisition

An object is placed on a table, and an X-ray source
rotates around it to create a CT image. The opposite
side picks up X-rays passing through the object, and the
data collection system receives these projections from
various angles in order to rebuild tomographic images.
A full scan normally needs 180°-360° of rotation, and
the item must be motionless and included in all
projections.

Computed Tomography Image Reconstruction

The mathematical technique of CT reconstruction uses
1D X-ray projections P (r, 8) captured around a 3D
object from different angles to produce a 2D
attenuation map f (x, y). These projections form a
sinogram, representing line integrals at various angles.
To reduce blurring from basic back projection, FBP
applies a reconstruction kernel before back projection.
The Fourier Slice Theorem, sometimes referred to as
the Central Slice Theorem (CST), establishes a
connection between the Radon transform and the 2D
Fourier transform of an object. The final picture, f(x, y),
is rebuilt from the frequency domain using F (u, v) and
the inverse Fourier transform, as seen in Figure 1.

Xeray source =1
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Fig.1 X-ray Beam Attenuation Model through Tissue
Layers
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Computed Tomography Numbers/Hounsfield Units

A CT picture is a digital matrix of pixels, with each pixel
representing a voxel depending on its area and slice
thickness. The size of each voxel is determined by the
field of view, section thickness, as well as matrix size
[13]. The tissue's linear attenuation coefficient is
represented by pixel values, which are shown in
greyscale, commonly using a 512x512 matrix with 12-
bit depth. These figures are given in Hounsfield Units
(HU), with air being -1000 HU and water being 0 HU.
Acquisition methods are used to categories CT
scanners: axial CT captures single slices with a fan
beam, spiral CT enables continuous scanning, CBCT
uses a conical beam for full-volume imaging, and MDCT
employs a 2D detector array for fast, multi-slice
acquisition. Figure 2 shown Reconstructing CT Images
from Sinograms.

1

Fig.2 Methods for Reconstructing CT Images from
Sinograms

General
Scanners

Classifications of Computed Tomography

CT scanners are classified by data acquisition method
into traditional (axial), spiral (helical), and cone-beam
CT (CBCT). Conventional CT successively acquires
single-slice pictures using a fan-shaped X-ray beam
[14]. Spiral CT allows for quicker, continuous scanning
by moving the X-ray source as well as detectors in a
helical route while the patient table moves forward.
Conical X-ray beams are used in CBCT to scan greater
volumes in a single rotation, primarily for radiation
treatment.

Image Reconstruction Techniques

This section explores fundamental and advanced CT
image reconstruction techniques, including Back
Projection, the Dbasis of FBP and Iterative
Reconstruction (IR) techniques is the CST. These
techniques are crucial for transforming raw CT data
into clear, diagnostic images, with IR is especially well-
known for reducing noise and artefacts in low-dose
situations.

Back projection and Filtered Back projection (FBP)

As seen in Figure 3, the basic back projection method is
smearing each projection back over the image space.
While simple, it often results in blurred images due to
the inherent smoothing of high-frequency components
[15]. FBP enhances this by applying a filter (typically a
ramp filter) to the projections before back projecting,
thereby sharpening the image and improving
resolution.

FBP algorithm
r————™

Filter the
projections

| v
I Back
Projections

Acquire the I
projections

Original
object

Reconstructed
image

Fig.3 Filtered Back Projection
Central Slice Theorem (CST) and Fourier Transform

The Fourier Slice Theorem, often known as the CST,
establishes a relationship between the center slice of
the 2D Fourier transform of an object and the Fourier
transform of a projection [16]. This principle
underpins many reconstruction algorithms, including
FBP, by enabling the transformation of projection data
into frequency space for image reconstruction in
Figure 4.

resampling onto
a Cartesian grid
by interpolation

polar grid Cartesian grid

Fig.4 Central Slice Theorem
Iterative Reconstruction Methods:

IR methods approach image reconstruction Figure 5 by
starting [17] with an initial guess and refining it
through repeated iterations, combining data statistical
characteristics as well as imaging system models
[18][19]. These techniques can greatly lower artefacts
and noise, particularly in low-dose imaging situations.
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Fig.5 Iterative Cycle
CT Scanner Types and Configurations
CT scanners are classified based on their data
acquisition method and X-ray beam geometry. The
major types include:

Traditional (Axial) CT Scanners

A fan-shaped X-ray beam is used in traditional or axial
CT scanners to acquire one slice of the object at a time.
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The table stays still as During scanning; the X-ray
source and detector rotate around the subject. The
table gradually advances to the following location to
obtain the next slice after each rotation [20]. While the
step-and-shoot method delivers excellent results, it is
very slow and inefficient for imaging dynamic or large
objects. Axial CT is still a good option when static
images are needed, and movement errors should be
kept low.

Spiral (Helical) CT Scanners

Fast volumetric scans without any gaps between slices
are possible with spiral or helical CT scanning because
the X-ray tube and detector continually spin around
the patient as the patient table goes steadily around the
gantry. This results in the capture of data in a spiral
route [21]. With a spiral CT scan, the patient does not
need to hold still as long, and doctors can detect
moving organs easily, avoiding artifacts. Both 3D
images and dynamic imaging, such as perfusion, can be
produced with this technology. The movement system
in CT saves time on trauma imaging, scanning the
heart, and whole-body exams than axial CT.

Multidetector CT (MDCT) Scanners:

An MDCT scanner combines many detector slices, so it
is able to acquire several images at the same time as it
scans. This allows imaging larger parts of the body
quickly and gives very high-quality images that can be
viewed from many positions or angles. The most
common reason MDCT is used clinically is that it
greatly reduces blurry images caused by patient
movement and allows clear images of the brain and
blood vessels. Since this scanner has many detector
rows, it is possible to acquire very thin slices that
increase accuracy and let tests be completed as rapidly
as possible.

Cone Beam CT (CBCT) Scanners

CBCT devices collect a large dataset in a single
revolution by using a cone-shaped X-ray beam and a
piece of flat technology. CBCT is used often in dental X-
rays, studies of dental bone structure, and radiation
therapy as it has a high-resolution image and uses less
radiation to view hard tissues than old CT machines.
Since it can only see a narrow area and takes longer to
create images, it isn’t used in all types of clinics [22].
Stil, CBCT enables better planning and effective
treatment for neuroradiology and oncology patients
because of its 3D imaging.

Clinical Applications of CT in Neurological disorders

This section focuses on CT's application in the
identification and management of certain neurological
conditions. It is going to see how CT images help
quickly diagnose disorders such as stroke and other
brain blood vessel diseases, brain injuries, tumors and

mass lesions, and conditions present right at birth or
those related to aging [23]. Every subsection will talk
about the key uses and benefits of CT in each of the
given conditions.

Stroke and Cerebrovascular Imaging

CT is a crucial technique for the quick assessment of
stroke patients, and it's especially crucial for
determining if the stroke is ischaemic or haemorrhagic
Non-contrast CT, as a rapid imaging tool, is frequently
the first choice since it is easy to access (usually
available in every emergency department) and exposes
patients to very low risk, it typically can easily
demonstrate intracerebral hemorrhages and later
signs of ischemic stroke. CT studies and advances such
as CTA (CT-angiography) and CTP (CT-perfusion) open
a window into the cerebral circulation and blood flow
that helps make timely recommendations for treating
doctors, for example, to identify patients eligible for
intravenous thrombolysis or thrombectomy. They help
decide the level of artery blockage and brain tissue
damage, which leads to the selection of the best
treatment plan.

Traumatic Brain Injury (TBI)

CT scans are very sensitive to acute cranial
hemorrhages, from acute subarachnoid, subdural,
epidural, and intraparenchymal bleeding. CT scans are
used to determine the amount of bleeding, the mass
effect, and midline shift, which are all important
considerations for surgical planning and prognosis.
Follow-up imaging can show hematoma progression,
as well as any complications [24][25]. Using certain CT
scan imaging signals, one may forecast the likelihood of
hematoma growth and patient outcomes.

Brain Tumors and Mass Lesions

The use of MRI is standard for evaluating brain tumors,
but CT helps find calcifications, changes in the bone,
and sudden bleeding in the tumor. It is particularly
useful in emergency settings and for patients
contraindicated for MRI. Contrast-enhanced CT scan
delineates tumor margins and assess for mass effect or
hydrocephalus. CT imaging is also valuable in surgical
planning and in guiding biopsies.

Congenital and Degenerative Neurological Disorders

CT imaging aids in identifying structural anomalies
associated with congenital disorders, such as
hydrocephalus, agenesis of the corpus callosum, and
craniosynostosis. In degenerative conditions like
Alzheimer's disease, CT can reveal cerebral atrophy
and ventricular enlargement [26]. MRI and nuclear
medicine methods like PET and SPECT can detect
earlier neurodegenerative changes with a greater
sensitivity; however, CT may be particularly useful in

313| International Journal of Current Engineering and Technology, Vol.15, No.4 (July/Aug 2025)



Sunita Dixit

Advancements in CT Imaging for Neuro-Radiological Diagnosis: A Review of Techniques and Challenges

settings where MRI is not available or cannot be
performed.

Recent Technological Advancements and challenges in
CT

Recent developments in CT technology have improved
the diagnostic potential of CT, providing for higher
resolution imaging, faster acquisition times, and more
advanced tissue characterization. Innovations such as
MDCT, DECT, and CTP have created new clinical
abilities for CT in the fields of cardiology, oncology,
neurology, and emergency medicine. Thus, these
advances pose new challenges in terms of radiation
dose, data processing, and clinical integration [27].

Multi-Detector CT (MDCT)

MDCT has revolutionized CT imaging by using multiple
rows of detectors to simultaneously acquire multiple
slices of data, allowing for fast scans and improved
spatial resolution. The introduction of quick scans
enabled the imaging of the whole heart within a single
breath-hold, improving the risk of motion artifacts, and
CT angiography provides evaluation of vessel detail
[28]. Nonetheless, along with the benefits are
challenges that include an increased risk of radiation
exposure if not well managed, becomes fast data
generation in such large quantities that it requires
significant capacity for storage and processing, and it
requires highly trained personnel to appropriately
phase and extract the complex images of the heart and
vasculature from the data generated.

Dual-Energy CT (DECT)

DECT uses two different energy spectra to provide
material-specific imaging, which will improve tissue
differentiation, including identifying uric acid versus
calcium stones along with superior tumor detection
and characterization in oncology, and rapid
identification of hemorrhage and edema in emergency
settings. However, DECT has limitations, including
more complicated and expensive systems, a need for
sophisticated software tools to identify precise
material decomposition, and limited use in general
clinical practice, due in large part to specialized
training and complexity and availability of
infrastructure.

Perfusion CT and Functional Imaging

CTP images tissue blood flow and viability dynamically,
providing potential benefits in the clinic, including
greater identification and treatment planning for acute
stroke by assessing the ischemic penumbra,
myocardial perfusion assessment of patients with
cardiology = conditions, and functional tumor
characterization and assessment of therapy response
in oncology. However, this technology also brings

several limitations, including cumulative radiation
exposure while performing multiple sequential scans,
the potential for patient movement or physiological
movement and the resulting artifacts impacting
reconstruction and analysis of imaging quality, and the
ability to analyze the perfusion CT findings
quantitatively, including accurate calibration and
expert-level interpretation.

Literature Review

This literature review provides an overview of the
most recent studies on using Al and ML in medical
imaging. It points to different innovative ways used in
various technologies for better identification,
synthesis, and reconstruction of images.

Pham, Kitamura and Tsunoyama (2025) examine
fuzzy logic-based nonlinear dynamical features
extracted from CT data of extravasation to represent
the trauma cases to find radiographic patterns, so that
these patterns may help with clinical prediction and
clinical intervention. The spatial and temporal analysis
of extravasation imaging is described from three
trauma cases. Using geo-statistics and nonlinear
dynamics, this study aims to identify subtle, dynamic
patterns that can enhance real-time detection and
prediction of complications. These findings offer a
foundation for integrating advanced imaging analytics
into trauma care, improving decision-making, and
optimizing  patient outcomes through early
intervention[29].

Rokham, Falakshahi and Calhoun (2024) they
incorporated deep convolutional frameworks and
bagging approaches for diagnostic classification,
identifying potential biomarkers and mitigating the
effects of label noise across mood and psychosis
categories using structural and functional MRI data.
They trained separate base models on various data
subsets using repeated k-fold cross-validation
procedures, then combined independent models for
the final classification. Moreover, they interpreted the
results and identified class-specific relevant learned
features contributing to a successful diagnosis and
highlighted differences for different modalities.
Overall, their proposed method shows improvement in
classification performance [30].

Charatpangoon et al. (2024) an ML method using a
denoising autoencoder to remove the noise resulting
from dose reduction. The study was conducted using
CTP images from the PRove-IT dataset with 46 acute
ischemic stroke patients. Two kinds of noise were
added to approximate low-dose images: Gaussian noise
and Poisson noise, for different reduction levels. The
findings indicate that by reducing the dose to 80%, the
original and denoised images were almost identical,
Gaussian and Poisson noises have average Structural
Similarity Indexes of 0.959 as well as 0.925,
respectively. Some of the CTP maps had scores lower
than TCD maps, but they could distinguish the tissue at
risk and the clear infarction, with average Gaussian and
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Poisson SSIM scores of 0.942 and 0.910 respectively.
The study found out that it is possible to reduce
radiation in CTP scans by about 80% and still retain
good quality in the scans [31].

Yang et al. (2023) provide a spatial attention-
guided generative adversarial network (SAG-GAN) that
can immediately generate CE-CT pictures that match
the NC-CT images of the patient. They present a spatial
attention-guided generator for SAG-GAN that uses a
lightweight spatial attention module to highlight the
regions of NC-CT images relevant to the synthesis task
and disregard irrelevant regions. They evaluate the
effectiveness of their method on two tasks: creating
arterial phase as well as portal venous phase CE-CT
image synthesis. Analytical and qualitative findings
show that SAG-GAN outperforms current GAN-based
picture generation techniques [32].

Interiano, Palma and Leiva (2023) implemented a
quantitative methodology aimed at discovering new
things and was structured as an experiment. The
approach used was iterative, with four stages. First,
they tested and fine-tuned the EfficientNetV2BO0,
MobileNetV3-Small, as well as MobileNetV3-Large
models. This second iteration included testing and fine-
tuning of the InceptionResNetV2, EfficientNetV2B1,

included the creation of a database including medical
photographs of patients from Honduras. Predictions
were made in the fourth utilizing the models that
performed the best. It was discovered that the
evaluated models had achieved an average accuracy of
98.01% in the first increment and 98.01% in the
second. It was feasible to secure the creation of a local
database for future research lines and assess the
classification system using predictions of radiographic
images of patients in Honduras [33].

Sheikhjafari et al. (2022) A diffeomorphic
deformable registration is the basis of the left ventricle
may be distinguished from 2D and 3D pictures or
volumes using a novel end-to-end supervised cardiac
MRI segmentation technique. The methodology
parameterizes the transformation to replicate the
actual heart deformation by calculating radial and
rotational components using a DL approach. The
method showed significant improvements over prior
learning and non-learning-based methods in terms of
the Dice score and Hausdorff distance metrics when
evaluated on three different data sets [34].

Table I provides a summary of recent studies on Al
and ML applications in medical imaging, detailing their
respective approaches, key findings, challenges, and

and EfficientNetV2B2 models.

The third wupdate

future directions.

Table 1 Comparative summary of Recent Imaging and Diagnostic Methodologies

. Challenges / . .
Reference Study On Approach Key Findings s o Future Directions
y pp y 8 Limitations
. Integration of
Pham, . . Fuzzy logic, Detec.ted sub.tle, dynamic Limited to three imaging analytics
. CT imaging of . radiographic patterns . .
Kitamura, 2 nonlinear g . trauma cases; into real-time
extravasation in . aiding real-time L
Tsunoyama dynamics, L generalizability needs trauma care for
trauma cases . prediction of A -
(2025) geostatistics L validation predictive
complications . -
intervention
Achieved 80% dose SSIM drop in CTP R.eal Yvorld
Low-dose CT . . A . validation and
Charatpangoon Perfusion for Denoising reduction with high maps; only Gaussian eneralization to
etal. (2024) Autoencoder (DAE) | SSIM; retained infarction and Poisson noise 8 .
stroke . broader noise
and penumbra detection types tested )
profiles
Diagnostic e . . Further
Rokham, S Identified biomarkers Interpretation of deep
. classification in Deep CNNs, . development of
Falakshahi, . and improved features across . .
mood and bagging ensemble, - s ) multimodal, noise-
Calhoun S classification by modalities remains . -
(2024) psychosis using repeated k-fold CV mitigatine label noise complex robust diagnostic
MRI gating P models
High-quality synthesis of Generalization to
CE-CT image SAG-GAN with gh-quatty sy Limited to specific other imaging
Yang et al. . . . arterial and portal i
(2023) synthesis from spatial attention venous phase CE-CT contrast phases and modalities and
NC-CT module > P datasets broader clinical
images
deployment
— . Expand dataset for
Andrews Clas§1f1ca}tlon of M(.)b.lleNetVB’ Achieved up to 98.01% Limited sample broader validation
. medical images EfficientNetV2, . . R .
Interiano et al. . accuracy, built local diversity; focus was and apply models in
from Honduran InceptionResNetV2 L. .
(2023) . L . . medical image database local/regional real-world
patients in iterative design ) .
diagnostics
- . Left ventricle DL+ diffeomorphic Outperformed lea}rnlng High computational Extend to other
Sheikhjafari et L and non-learning heart structures and
segmentation in deformable . demands; parameter .
al. (2022) . - . methods on Dice & - real-time
cardiac MRI registration . tuning . .
Hausdorff metrics implementation

Conclusion And Future Work

CT imaging has firmly established itself as an
indispensable tool in neuro-radiological diagnosis,

driven by ongoing advancements in its fundamental
principles and technological applications. This review
has elucidated the critical aspects of CT, ranging from
basic X-ray attenuation and image reconstruction
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methods like FBP and iterative techniques, to the
diverse classifications of CT scanners, including axial,
spiral, MDCT, and CBCT. The rapid pace of non-
invasive, high-resolution imaging with CT makes it
critical to the diagnosis and management of several
neurological conditions, such as stroke, traumatic brain
damage, brain tumors, congenital conditions, and
degenerative diseases. Significant advancements in
technology, such as MDCT, DECT, and Perfusion CT,
have improved diagnostic performance and functional
assessment in terms of vascular assessment and tissue
viability for timely therapeutic interventions. In
addition, the rapid integration of Al and ML into the
field of neuroimaging is on the verge of changing the
way care is provided to patients, from producing
contrast-enhanced images to higher levels of
diagnostic classification and image optimization. As
advanced CT imaging technology and Al become more
established as the standards of care, radiologists will
have even more beneficial capabilities for delivering
quality and efficient patient care.

Future developments in neuro-radiological CT
imaging will be centered on improved decision-making
in real-time using Al and ML systems, as well as a
smooth transition between digital twin technology and
IoT integration for industrial system optimization. A
fundamental component of iterations is IR methods,
which are necessary to further minimize noise and key
artefacts in low-dose imaging modalities. The aim of
maintaining a robust model with Al for automated
image interpretation and subsequently disease
classification remains a primary goal in this domain. In
addition, ensuring clinical workflows are robustly
validated concerning any new CT technology as well as
Al technology before clinical use, and evaluating ethical
concerns surrounding data privacy and algorithmic
bias, represent the key challenges moving forward.
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