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Abstract

Reproducibility is a cornerstone of scientific progress, yet in X-ray computed tomography
(CT) reconstruction, it remains a critical and unresolved challenge. Current benchmarking
practices in CT are hampered by the scarcity of openly available datasets, the incomplete or
task-specific nature of existing resources, and the lack of transparent implementations of
widely used methods and evaluation metrics. As a result, even the fundamental property
of reproducibility is frequently violated, undermining objective comparison and slowing
methodological progress. In this work, we analyze the systemic limitations of current
CT benchmarking, drawing parallels with broader reproducibility issues across scientific
domains. We propose an extended data model and formalized schemes for data preparation
and quality assessment, designed to improve reproducibility and broaden the applicability
of CT datasets across multiple tasks. Building on these schemes, we introduce checklists for
dataset construction and quality assessment, offering a foundation for reliable and repro-
ducible benchmarking pipelines. A key aspect of our recommendations is the integration
of virtual CT (vCT), which provides highly realistic data and analytically computable phan-
toms, yet remains underutilized despite its potential to overcome many current barriers.
Our work represents a first step toward a methodological framework for reproducible
benchmarking in CT. This framework aims to enable transparent, rigorous, and comparable
evaluation of reconstruction methods, ultimately supporting their reliable adoption in
clinical and industrial applications.

Keywords: computed tomography (CT); X-ray CT (xCT); virtual CT (vCT); benchmarking;
reproducibility; data preparation; quality assessment; evaluation metrics; machine learning
(ML); deep learning (DL); datasets; phantoms; CT reconstruction methods

1. Introduction
1.1. Modern Challenges of Reproducibility and Benchmarking in CT Reconstruction

Modern scientific research increasingly relies on the development of new methods for
analyzing and processing domain-specific data. To ensure objective comparison of such
methods, benchmarking—systematic evaluation on predefined datasets with relevant qual-
ity metrics—has become essential [1]. However, the reliability of benchmarking critically
depends not only on carefully chosen datasets and appropriate metrics, but also on strict
adherence to reproducible research principles [1,2].

Open access to data and code is pivotal for benchmarking, enabling verification of
results and fostering innovation [1]. Despite these benefits, many curated datasets remain
inaccessible, leading to suboptimal or inconsistent evaluation practices. A frequent issue
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is the “off-label” use of data, when datasets designed for one purpose are applied to
another, often undermining the validity of conclusions and making experiments difficult
to reproduce [3]. Similarly, inadequately chosen metrics can distort results and reduce
research validity, particularly in image processing tasks. International machine learning
(ML) and deep learning (DL) competitions often reveal issues with task categorization
and metric selection [4,5]. The outlined problems illustrate a broader concern: without
transparent datasets, well-justified metrics, and explicit documentation of experimental
procedures, even widely cited results may lack reproducibility and fail to provide a reliable
basis for further research.

In this context, special attention must be paid to the concept of reproducibility, which we
emphasize as a central requirement for benchmarking and training pipelines. According to
established definitions [6], three related but distinct notions must be separated. Repeatability
refers to obtaining the same results when the same research team repeats an experiment
under identical conditions, ensuring stability of the implementation and experimental
setup. Reproducibility, in the narrower sense, denotes achieving consistent results when
certain conditions are varied, such as changes in software libraries, hardware, or random
seeds, while the core methodology and data remain the same. Replicability goes one
step further and concerns whether different teams, often using different implementations,
datasets, or even experimental designs, can arrive at consistent scientific conclusions. For
benchmarking purposes, reproducibility is the most suitable criterion because it balances
rigor and practicality: it ensures that method performance is stable under minor variations
that naturally occur across runs, software environments, and hardware, providing a reliable
and fair comparison of methods. However, notwithstanding its apparent importance,
reproducibility frequently breaks down due to insufficient documentation of preprocessing
and dataset splits, hidden sources of nondeterminism, or variability (e.g., random seeds,
library versions, or hardware variability), environment drift, and methodological flaws
such as data leakage [6–8].

Across scientific domains, systemic barriers to reproducibility include the lack of stan-
dardized datasets and evaluation protocols, variability induced by hardware and compilers,
under-reporting of hyperparameters, and stochastic training dynamics [7]. Procedural
drivers that improve reproducibility include adherence to FAIR/TOP principles, structured
reporting artifacts such as data and model cards, multi-seed experiments, and testing on
multiple datasets to counter optimistic results [7]. From a principled perspective, repro-
ducibility requires faithful re-execution of a documented scientific method—covering data,
procedures, implementation, environment, analysis, and interpretation—with artifacts and
conditions separated clearly to enable independent verification [6].

The reproducibility-related issues are especially pertinent in X-ray computed tomogra-
phy (X-ray CT, or xCT) [9], a non-destructive imaging method that reconstructs the internal
structure of an object from projection images [10]. Reproducibility-related challenges in
CT arise at every stage of benchmarking, from the limited availability of open-access
datasets—which typically include projection data (sinograms) and ground truth (GT)
reconstructions—to unpublished or poorly documented implementations of the studied
methods and examined quality assessment functions. All of these hinder objective and
reliable evaluation, particularly in light of the rise of ML- and DL-based reconstruction
methods [11].

In medical imaging, and specifically in DL-based CT reconstruction, reproducibility
is particularly difficult to achieve. Challenges include small and heterogeneous cohorts,
variability across imaging modalities and organs, inter- and intra-operator annotation
inconsistency, and sensitivity to preprocessing and hyperparameters [12]. These issues
make it difficult to reproduce published pipelines even when source code is provided.
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Furthermore, reliance on private or proprietary datasets limits independent verification,
contributing to the reproducibility crisis in medical AI research [7,8].

In industrial CT, reproducibility challenges manifest differently. Here, factors such as
variability in acquisition hardware, calibration, and proprietary reconstruction algorithms
introduce difficulties in reproducing results across facilities [7]. While datasets may be
larger than in medical imaging, restrictions on data sharing due to confidentiality and
intellectual property concerns remain major barriers.

Virtual CT (vCT) has emerged as an attractive alternative to physical measurements,
as it enables flexible experimental setups and often replicates workflows designed for
real data. Yet, reproducibility in vCT-based research is far from guaranteed. Due to the
scarcity of reliable raw sinograms, many studies rely on postprocessed reprojections from
existing reconstructions or entirely synthetic data. While these resources can facilitate
rapid prototyping, they often yield overly optimistic performance estimates that fail to
transfer to real-world conditions. An additional source of bias stems from the definition of
GT: in practice, GTs are frequently chosen as the highest-quality reconstruction available,
sometimes generated by proprietary algorithms. Such GTs may inadvertently embed
method-specific artifacts, encouraging ML and DL models to reproduce these artifacts
rather than approximate the true object structure, thereby reducing external validity and
limiting reproducibility across datasets.

The selection of evaluation metrics further complicates the situation. Metrics must
not only quantify pixel-wise similarity but also capture clinically or industrially relevant
aspects of reconstruction quality. Inappropriate or overly narrow metrics can yield mislead-
ing conclusions about model performance and practical utility. Combined with opaque GT
definitions and synthetic data usage, this creates benchmarking pipelines that lack repro-
ducibility and, consequently, fail to provide a reliable basis for methodological progress.

En route towards reproducibility, improving CT benchmarking therefore requires a
threefold effort: (i) establishing openly accessible datasets that include both raw projection
data and validated GT volumes; (ii) ensuring transparent documentation of preprocessing,
reconstruction parameters, and evaluation procedures; and (iii) critically revisiting metric
design to incorporate task-specific requirements. Only under these conditions can the CT
field achieve reproducible, objective comparisons of methods and ensure that advances in
reconstruction techniques translate into reliable clinical and industrial applications.

1.2. Contribution

This work makes the following key contributions to advancing reproducibility and
benchmarking in CT reconstruction:

1. Critical analysis of current practices. We systematically reviewed the state of bench-
marking in CT, identifying systemic shortcomings, including the scarcity of open
datasets, inadequate or opaque documentation, reliance on non-transparent ground
truth definitions, and inconsistent use of evaluation metrics. These issues collectively
undermine reproducibility and hinder methodological progress.

2. Formalization of benchmarking workflows. We introduced a data model and
formally described the data preparation and quality assessment schemes commonly
used in practice. This formalization provides a structured view of benchmarking
pipelines, clarifying hidden assumptions and sources of variability that have previ-
ously limited reproducibility.

3. Extension of existing dataset preparation schemes. Building on this formalization,
we proposed extended schemes that support dataset preparation across a wider range of
tasks and domains. The extended schemes explicitly incorporate reproducibility as a
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guiding principle, enabling more reliable comparisons of CT reconstruction methods
under diverse experimental conditions.

4. Checklist for reproducible benchmarking. We formulated a practical checklist for
dataset curation, quality evaluation, and benchmarking procedures. This checklist em-
phasizes transparency, standardization, and reproducibility, drawing on established
practices from ML and DL research. Importantly, we highlight the underutilized po-
tential of virtual CT (vCT) with analytically computable phantoms as a robust source
of realistic and fully controllable data.

5. Path toward standardization. Taken together, these contributions lay the groundwork
for the establishment of a standardized, reproducible benchmarking framework in CT.
By aligning benchmarking practices in CT with those already well-developed in other
scientific domains, this work advances the methodological rigor of CT research and
supports the development of trustworthy, generalizable reconstruction methods for
both clinical and industrial applications.

1.3. Paper Organization

This paper is organized as follows. Section 1 provides an introductory overview of the
current state of benchmarking in CT research, with particular emphasis on existing chal-
lenges, especially those related to reproducibility. The main contributions are summarized
in Section 1.2. Section 2 introduces the general methodological concepts and terminology
used throughout this paper. Section 3 reviews and analyzes current techniques for dataset
preparation, as well as approaches to measuring and comparing quality and performance
in CT tasks. A consolidated table of publicly available volumetric vCT datasets for bench-
marking is presented within Section 3.3. Section 4 discusses in detail the flaws of existing
datasets and benchmarks. Section 5 introduces a data model for dataset preparation and
benchmarking, along with a formalization of the most widely adopted modeling and
quality assessment schemes, analyzing their specific properties. Section 6 describes our
extended schemes for data modeling and quality assessment, designed to achieve high
reproducibility. Section 6.3 further provides a checklist of proposals for practices in CT
dataset and benchmark creation conducive to reproducibility, which can be directly applied
to dataset preparation, quality assessment, and comprehensive method comparison. Sec-
tion 7 outlines future directions toward the standardization of data preparation, evaluation
protocols, and the establishment of robust and reproducible CT benchmarking. Finally,
Section 8 concludes this paper.

2. Context and Terms
2.1. X-Ray CT Reconstruction

In the following, we focus, without loss of generality, on xCT and the specific aspects
of xCT data modeling. Methodologically, the benchmarking challenges discussed and the
approaches proposed to address them are relevant to a wide range of CT modalities.

The primary objective of the CT is to reconstruct the spatial distribution of the X-ray
linear attenuation coefficient (LAC), µ(x, e), x ∈ R3, where e is an energy value, using
the measured projection data, or sinograms, of the object under investigation [13,14]. The
result of a CT reconstruction is referred to as the reconstruction or reconstructed volume.
Visualization of the reconstruction enables the assessment of the spatial distribution of the
X-ray LAC within the object.

In medical imaging, CT reconstruction results are typically reported and stored in
Hounsfield Units (HU) rather than in LAC. The formula for determining attenuation
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parameters in HU [15] for a given energy e of a monochromatic spectrum is expressed
as follows:

HUair = 1000 · µwater − µmaterial
µwater − µair

, (1)

where µmaterial denotes the LAC of the material composing the object under investigation,
while µwater and µair correspond to the LACs of water and air at a given energy e, respec-
tively. The LAC of air is commonly assumed to be approximately zero in the literature [16].
This assumption leads to the following simplified formula:

HUvac = 1000 · µwater − µmaterial
µwater

. (2)

The task of improving reconstruction quality is often formulated as the suppression
of the reconstruction artifacts of specific types and origins. In the context of CT, several
sub-tasks aim to enhance reconstruction quality by addressing the following:

1. Beam-hardening artifacts (BH artifacts): suppression algorithms, referred to as beam-
hardening correction (BHC) methods, are employed to improve the quality of poly-
chromatic data reconstruction within the monochromatic model [17];

2. Metal-like artifacts: these are caused by highly attenuating inclusions [18,19];
3. Scatter artifacts: resulting from the scattering of X-rays [20];
4. Low-dose artifacts: occurring when the radiation dose is reduced [21];
5. Denoising: denoising task in CT involves processing either raw projection data (sino-

grams) or reconstructed volumes to reduce noise [22];
6. Sparse-angle (sparse-view, or few-view) artifacts: observed when reconstructing from

a sparse array of projection data [23];
7. Limited-angle artifacts: occurring with a restricted angular scanning range [24];
8. Non-uniform angular range artifacts: arising from uneven angular scanning steps,

as seen in monitored (anytime) CT [25–27];
9. Ring artifacts [28]: typically caused by miscalibrated detector cells;
10. Geometry artifacts: resulting from geometric miscalibration of the source-detector

system [29,30];
11. Motion artifacts: including specific cases such as sample vibration and jitter during

measurement [31].

Enhancing reconstruction quality, considering the sub-tasks above, can be achieved
through (similar to the categorization for denoising methods outlined in reference [32]):

• Preprocessing (projection-domain, sinogram-domain): this involves additional pro-
cessing of sinograms before reconstruction to reduce the presence and severity of
artifacts in the final reconstruction;

• Postprocessing (reconstruction-domain, image-domain): processing the already recon-
structed dataset to mitigate artifacts;

• Task-oriented reconstruction methods (dual-domain): combining sinogram prepro-
cessing and volume postprocessing.

Different approaches to developing reconstruction quality improvement methods
require varying real-world data for testing and optimization. For preprocessing-based
methods, raw sinograms are essential for testing their performance. Conversely, post-
processing methods require reconstructed volumes representing the internal structure of
test objects.

2.2. The Consumer Landscape of CT

Let us consider the main application areas in terms of consumer demands and the
potential uses of xCT results. The most extensively represented in scientific publications
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and open datasets is medical CT (medCT). MedCT scanning is a widely used diagnostic
method. CT may be prescribed either as a single examination or repeatedly to monitor
disease progression (for example, in the treatment of oncological or severe respiratory
conditions). The primary consumers of CT reconstruction results are radiologists; therefore,
researchers and developers aim to produce visually standardized images that, regardless
of the method of acquisition, are suitable for expert diagnostic evaluation. In medical
practice, CT scanning is applied to relatively homogeneous biological objects, characterized
by limited variability in X-ray material densities (tissues). The presence of highly absorbing
inclusions constitutes a deviation from normal imaging conditions, and the correction
of resulting artifacts is regarded as an important, independent task. Medical protocols
regulate all aspects of image acquisition, including patient positioning, scanning modes,
reconstruction and normalization algorithm parameters, and related factors. Particular
emphasis is placed on the development of safer methods—specifically, reducing radiation
dose while preserving diagnostic image quality.

From the perspective of open datasets and benchmarks in medicine, the situation
remains ambiguous. On the one hand, the development of ML/DL methods for the analysis
of reconstructions has stimulated the creation and public release of large volumes of medical
imaging data, along with associated medical and technical information, including GT for
segmentation and detection tasks [33]. On the other hand, access to raw data/sinograms is
restricted to a small number of research groups affiliated with major medical equipment
manufacturers, many of which occupy monopolistic or near-monopolistic positions in
the market.

There is no established definition of the term industrial CT (indCT), and in this study,
we use it to denote all non-medical applications of xCT, which we conditionally divide into
laboratory CT (labCT) and conveyor CT (conCT).

We use the term labCT to refer to studies in which researchers control all aspects of
data acquisition and processing and have full access to the data. Such studies most often
involve unique experiments, where the objects of investigation, the equipment, and/or the
scanning conditions are not reproducible. In some cases, the best reconstruction results are
published, but without the corresponding projection data.

We also classify as labCT the studies conducted by groups directly engaged in the
development of CT methods. The datasets they publish, even when projection data are
included, are characterized by the uniqueness of the CT setups and by the limited diversity
of objects and scanning conditions.

The term conCT is defined as industrial applications of xCT with a fixed data-processing
conveyor. ConCT tasks feature a clear separation between the setup/commissioning phase
and the operational phase. The first phase resembles labCT in terms of optimizing acqui-
sition parameters, reconstruction pipelines, and subsequent data processing. The second
phase is similar to medCT, as mass scanning and analysis of relatively uniform industrial
objects are performed within a limited set of operating modes to address non-destructive
testing (NDT) and related tasks. An example of characteristic features of conCT is the focus
on minimizing scanning time through a reduction in the number of projections. Although
successful pipelines for vCT data generation have been described [9,11], there are currently
no published datasets obtained from real industrial conveyor systems or vCT simulations.

2.3. Repeatability, Reproducibility and Replicability

In recent years, there has been growing attention within the ML/DL community to the
issues of repeatability, reproducibility, and replicability in scientific research. Comprehen-
sive accounts of accomplishments, the present state, outstanding challenges, and relevant
references to prior work are provided in recent literature [7,8]. Most of the advances in
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this area are readily applicable to research in CT. In the following analysis, we will use an
extended version of the types of validation studies (see Table 1) from the reproducibility
framework [8].

Table 1. Levels of research reproducibility (types of validation studies), adapted from [8] and
extended by level L0.

Id Type Description

L0 non-repeatability different runs give different results with the same experimental setup

L1 repeatability the same team can obtain consistent results using the same experimental setup

L2 reproducibility external researchers are able to validate the correctness of the original experiment’s
findings by following the documented experimental setup

L3 direct replicability
an independent team intentionally varies the implementation of the experiment—while
keeping the hypothesis and experimental design consistent with the original study—to
verify the results

L4 conceptual
replicability

an independent team tests the same hypothesis through a fundamentally new
experimental approach

The greatest attention to reproducibility issues in CT publications is observed in medi-
cal studies, where ML/DL methods are applied to CT reconstruction results. Large volumes
of annotated data are being accumulated, along with positive experience in standardizing
metadata and GT annotations [33–35]. Another important example in medicine is stan-
dardized quantitative radiomics [36–38], which represents a successful case of systematic
efforts to enhance reproducibility, as well as the development of robust and reliable analysis
methods that account for variability in CT images.

Next, we review publicly available CT (vCT) datasets and benchmarks specifically for
CT reconstruction.

3. Open Sources Review
3.1. Datasets

There is a significant scarcity of publicly available and versatile datasets for many
of the aforementioned sub-tasks (see list in Subsection 2.1). For some challenges, such
datasets are entirely absent. For instance, most low-dose CT (LDCT) methods are trained
and evaluated on datasets provided through the 2016 NIH-AAPM-Mayo Clinic LDCT
Grand Challenge [39], or the subsequently released, larger dataset, LDCT and Projection
data [40], which features a greater number of images and broader anatomical coverage.

Another notable dataset is the publicly available 2DeteCT dataset [41], which offers
paired projections and reconstructions for low-dose reconstruction (LDR) and BHC tasks
and stands as the only known publicly available dataset of its kind. This dataset includes
scans (collected under various imaging conditions) of non-medical objects and proposes to
use reconstructions obtained from projections measured with a monochromatic source as
the GT.

For other tasks targeting specific artifact suppression, there are no publicly avail-
able volumetric datasets with GT. For example, the suppression of ring artifacts [28,42,43]
is supported by only one dataset of real data [44], which lacks a true GT. Similarly, no
open datasets with pronounced scattering artifacts and known GT are currently avail-
able. The situation is analogous for datasets aimed at geometry correction or motion
artifact suppression.

Given the limited availability of diverse real-world CT datasets, particularly those
containing raw projections, vCT presents a promising direction for dataset modeling.
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In the following sections, we will examine the vCT dataset generation for specific tasks.

3.2. Modeling Through Sinogram Modification (Without Simulating Forward Projections)

For a range of specialized formulations of the CT reconstruction and postprocessing
tasks, evaluation datasets are often generated by modifying original sinograms obtained
during scanning, without simulating forward projections.

For instance, a common approach to dose reduction in CT scanning simulation is based
on decreasing the number of projections utilized in the reconstruction procedure. If the
projections are spaced more sparsely but evenly, the problem is referred to as sparse-angle or
sparse-view CT [45,46]. In limited-angle CT, not only is the number of projections reduced,
but restrictions are also imposed on the scanning angles’ range [46,47]. Sinogram modeling
in these cases involves selecting projections (in the desired number) that meet the angular
constraints [46,48–50]. In the context of monitored tomographic reconstruction [25,26,51,52],
both the projection angle selection strategy and the total number of projections may vary.

Another practical approach to dose reduction in CT scanning is decreasing the number
of photons, achieved by reducing the X-ray tube current and/or shortening the exposure
time. The increased impact of noise on reconstruction results in this case is modeled
by artificially adding noise to the original sinograms to achieve the desired simulated
characteristics [53–57].

Despite the widespread use of sinogram-noising techniques and publicly available
datasets in medical research, the standard noise model is formulated under the assumption
of a monochromatic source and is validated on medical data subjected to water correction.
When BH effects become more pronounced, substantial discrepancies are observed between
the simulation results and actual real measurements [58].

To assess the quality of reconstruction and postprocessing, FR-IQA is commonly used.
GT is typically defined as the highest-quality CT reconstruction of the original sinograms,
performed with all projection angles available and without additional noise.

3.3. vCT-Based Modeling of the Forward Projections

Let us consider the publicly available volumetric datasets obtained through vCT
(Table 2).

In all datasets presented in the table, forward projections are modeled for voxel-
based phantoms derived from CT images reconstructed during medical studies except
AAPM TrueCT.

The modeling of a polychromatic source is achieved by integrating projections across
various energies according to the source spectrum. To simulate low-dose projections,
Poisson noise is applied.

Table 2. Publicly available volumetric vCT datasets for benchmarking.

Dataset Year Data CT
Scheme Detector Target

Data Variation Spectrum BHC GT

LoDoPaB-CT [59] 2019 [60] parallel line slice dose mono – normal dose reconstruction

SynDeepLesion [61,62] 202? 1 [63] 2 fan line slice metal poly no [61]
yes [64] metal-free reconstruction

AAPM TrueCT [65] 2022 ask 3 helical curved volume dose poly yes effective energy phan-
tom equivalent

AAPM CT-MAR [66] 2023 [67] 4 fan
(cone)

line
(curved) slice metal poly yes metal-free reconstruction

ICASSP CBCT [68] 2024 [69] cone flat volume dose mono – normal dose reconstruction

1—The exact timing of data release is difficult to determine. 2—Dataset hosted on China cloud storage; challenging
to download or reproduce. 3—Available upon request, not independently verified. 4—Partially available,
generation scripts provided.
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The deviation of the actual polychromatic spectrum from the monochromatic model
spectrum significantly affects reconstruction results, leading to discrepancies from the
desired outcome. Consequently, a standard practice in medical CT scanners involves
providing projections that have undergone BHC and are adjusted to an effective energy.
The latter procedure is often referred to as water (water-equivalent) correction [70].

3.3.1. LoDoPaB-CT

The first publicly available vCT-generated volumetric dataset was the Low-Dose
Parallel Beam (LoDoPaB)-CT dataset [59], which models projections for individual slices
of medical CT reconstructions using a parallel beam geometry and a linear-array detector.
To prevent the inverse crime [71], bilinear interpolation is applied to upscale the slices
to a higher spatial resolution before forward projection, and uniformly distributed noise
in the range [0, 1) is added to the original integer values in Hounsfield units (HU) for
dequantization. The conversion of HU values to linear attenuation coefficients (LAC) is
based on a monochromatic X-ray spectrum with an approximate energy of 60 keV. The
authors adopt the common approach of using reconstructions obtained via a baseline
method, such as filtered back projection (FBP) [72], from projections at normal dose levels
as the GT.

3.3.2. SynDeepLesion

Despite the challenges of reproducing simulations and downloading data, the pipeline
proposed by Zhang et al. [61] and the SynDeepLesion dataset [63] are frequently cited in
neural network-based metal artifact reduction (MAR) approaches. For a single slice in the
fan-beam CT scheme, both noisy metal-free and metal-inserted sinograms are simulated.
To evaluate the performance of MAR algorithms, it is recommended to use Full-Reference
Image Quality Assessment (FR-IQA), where the GT is represented by metal-free CT recon-
structions obtained via a reference reconstruction algorithm. In reference [64], the baseline
simulation scheme [61] is extended by introducing a water correction step (BHC) for the
sinogram [70]; however, neither the data generated in this manner nor the corresponding
code for its generation has been made publicly available.

3.3.3. AAPM Truth-Based CT (TrueCT) Reconstruction Grand Challenge

The AAPM Truth-based CT (TrueCT) Reconstruction Grand Challenge [65] was con-
ducted to evaluate methods for medical CT reconstruction. Participants were provided with
a volumetric dataset of simulated tomograms generated on the DukeSim virtual scanner
using a spiral scanning scheme for 200 voxelized human models with various pathologies.
The virtual scanner modeled several features of clinical CT scanners, including focal spot
instability, tube current modulation, scatter protection grids, and beam hardening. To en-
able voxel-level comparison, CT reconstructions were resampled using linear interpolation
to match the spatial resolution of the original models with isotropic voxels.

Unlike other datasets, this study defined GT as a monoenergetic representation of the
original phantoms in HU at an effective energy of 64 keV. Additionally, participants were
provided with sinograms and sample reconstructions of test objects (a cylindrical water
phantom and an ACR phantom with multiple inserts) to validate the correctness of their
reconstruction algorithms.

3.3.4. AAPM CT Metal Artifact Reduction (CT-MAR) Grand Challenge

In the AAPM CT Metal Artifact Reduction (CT-MAR) Grand Challenge, participants
were tasked with developing algorithms for tomographic reconstruction that compensate
for artifacts caused by highly attenuating inclusions (MAR) in 2D, with a clinically represen-
tative reference provided for evaluation. The data were generated using the open-source
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CT simulation environment XCIST [73], employing a hybrid data simulation system that
combines publicly available clinical CT images with virtual metallic objects. For simplicity,
the MAR task was formulated for a fan-beam geometry, with the virtual scanner’s detector
modeled as curved and rectangular in shape. This approach increases simulation time
but allows for more accurate modeling of scatter effects and detector element crosstalk.
The AAPM CT-MAR simulation framework includes scatter correction and BHC (water
correction) of the projections; however, detailed models and parameters are available only
in the form of the published code [67].

3.3.5. ICASP CBCT

As part of the ICASSP-2024 3D-CBCT Challenge [68], a dataset was published to ad-
dress the shortage of benchmark data for training and evaluating reconstruction methods
in a cone-beam scheme under low-dose monoenergetic source conditions. Reconstruction
results for low-dose sinograms were proposed to be compared with full-dose reconstruc-
tions. However, the dataset proved to be unsuitable for the intended tasks due to a range
of issues [5].

3.4. CT Reconstruction Quality Assessment

The gold standard for assessing the quality of medical images remains Subjective
Assessment Techniques (SATs), which involve expert evaluations by medical profession-
als. However, this approach is often prohibitively expensive and impractical for system-
atic benchmarking.

To evaluate various technical aspects of CT methods and equipment, numerous ob-
jective image quality metrics have been developed [74,75], including CT number accuracy
and stability, contrast-to-noise ratio (CNR), noise power spectrum (NPS), and spatial reso-
lution (often represented as PSF/LSF/ESF and MTF), among others. Most of these metrics,
however, require the analysis of reconstructions of dedicated calibration phantoms with
known properties. The ability to apply or interpret these metrics for comparing the results
of various reconstruction methods hinges on strict assumptions about imaging system
properties, such as linearity, shift invariance, or noise stationarity. For many modern itera-
tive and learning-based reconstruction methods, these assumptions often do not hold [74],
prompting the exploration of alternative metrics such as the task transfer function (TTF) or
detectability index (d′).

Nevertheless, a significant proportion of studies describing and analyzing specific
reconstruction methods rely on simple metrics like PSNR, RMSE, SSIM, or their modifica-
tions, which often align poorly with expert assessments. More suitable and task-specific
metrics for medical imaging [76,77] are continually proposed and evaluated in various
publications, such as Visual Information Fidelity (VIF) [78], Fréchet Inception Distance
(FID) [79], Radiomic Feature Similarity (RFS) [76], and HaarPsiMED [80], among others.
Despite extensive research [75,76,81–84], no universally accepted objective quality assess-
ment methodology exists that aligns well with expert evaluations across a wide range of
protocols and imaging conditions.

A common research practice is to evaluate not only entire volumes but also specific
regions of interest (ROIs or VOIs) of varying shapes. Depending on the target task, various
metrics may be applied within these VOIs [66,75,76,83].

Most studies in the field of industrial CT (indCT) adopt the practices established
in medical CT (medCT), particularly in the use of FR-IQA [75], although there are also
examples of methods developed for the quantitative assessment of artifact severity in
indCT images [85–87]. Another line of research focuses on extending benchmarking tools
through techniques for evaluating geometric deviations and errors by means of:
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• high-precision positioning systems for the object during scanning;
• specially manufactured physical reference objects with high geometric accuracy;
• comparison of reconstructed images with high-precision geometric descriptions of

reference objects obtained using a coordinate measuring machine.

The reproducibility of such experiments is extremely limited, as they require unique
and often inaccessible equipment, and no corresponding datasets have been published.

3.5. Benchmarks

There are no openly available and systematically used benchmarks for CT recon-
struction methods. As a result, no standardized or community-wide consensus models or
evaluation protocols for assessing CT reconstruction quality currently exist. A promising
initiative toward establishing benchmarking systems is the publication of real scan data
acquired under multiple acquisition modes [41]. These datasets are employed to analyze
and compare reconstruction algorithms under realistic low-dose, sparse-angle, and poly-
chromatic scanning conditions [46]. A major strength of the work [46] lies in the availability
of the published datasets and the accompanying open-source code.

An important study highlighting the significant lag of CT reconstruction research
behind current best practices is [32]. Although the analysis was limited to image-domain
LDCT denoising algorithms, it confirmed the presence of issues common across ML/DL
research: the use of different datasets or dataset splits, unfair comparisons due to incon-
sistent hyperparameter choices, and inadequate quality metrics. The findings call into
question the conclusions of a large number of prior studies, while the released code enables
reproducibility and provides a foundation for fair comparison of new methods.

3.6. Conclusions on Publicly Available vCT Datasets

Analyzing Table 2, all publicly available volumetric vCT datasets are derived from
clinical practice. For most published datasets (4 out of 5), authors use “best-quality recon-
struction” as the GT for quantitative assessments, reflecting the pipeline for capturing real
physical objects. These datasets are highly specialized, with each focusing on a few key
modeling aspects, such as dose reduction or the presence/absence of metallic inclusions.
When simulating a polychromatic source spectrum, the datasets typically provide sino-
grams after BHC, aligning with real-world medical systems. Moreover, even for publicly
available datasets, access and downloading can be challenging (2 out of 5 datasets are
publicly available).

In broad terms, a common significant issue in current vCT practices is the reliance on
reconstructed medical CT images as the basis for generating data, which introduces artifacts
into the simulated projections, calling into question the suitability of their reconstruction as
GT. While many pipelines attempt to mitigate some of these artifacts, for example, through
corrections like BHC, other methods often oversimplify polychromatic modeling into a
monochromatic approximation, which fails to capture essential physical effects such as
Compton scattering and beam hardening. More accurate approaches, such as true poly-
chromatic modeling using spectral weighting of monochromatic projections or Monte
Carlo simulations, could address these limitations. Another challenge lies in the limited
accessibility of datasets, tools, and scripts, restricting reproducibility and innovation. Addi-
tionally, reprojecting volumes with artifacts requires careful selection of quality metrics and
evaluation regions to ensure meaningful assessments. Transition to analytical GT derived
from precise voxelized models could significantly enhance the quality and reliability of
vCT datasets.
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4. Flaws in Current Datasets and Benchmarks
A discussion of key considerations for establishing a unified training framework for

reconstruction-domain LDCT methods is presented in [32]. While these insights apply to
other tasks as well, many important aspects remain unaddressed. In the following, we
examine the challenges related to datasets and evaluation protocols in a broader context—
considering both general-purpose and task-specific approaches to CT reconstruction.

4.1. Limitations of Public Datasets and Benchmarking Protocols in CT Reconstruction

As emphasized above, for many tasks such as beam hardening correction, ring arti-
fact suppression, scatter correction, and super-resolution, there are currently no publicly
available CT datasets. For tasks that are supported by datasets, several challenges persist:

• There is no consensus on a representative dataset. Different studies use different
datasets or subsets thereof. This issue is well illustrated for LDCT in [32], where the
authors also propose a potential standardization strategy for reconstruction-domain
LDCT methods. However, even this attempt does not resolve the issue of including
projection- or dual-domain methods in comparative analyses.

• Different tasks rely on different base datasets, largely because there is no dataset with
sufficient diversity in both imaging conditions and object types that could support
cross-task evaluations (e.g., LDCT and MAR) or enable consistent benchmarking of
various baseline CT reconstruction methods.

It is worth noting that vCT is actively used in the context of MAR. In contrast, the use
of vCT for LDCT remains limited [65], likely due to the restricted availability of a single
representative dataset. Moreover, the potential of vCT is largely overlooked by groups
systematically working on benchmarking CT methods [32].

Even in studies where vCT is employed to simulate different dose levels [84], important
aspects of the simulation process are often not described with sufficient clarity, and only the
final reconstruction results are made available—without the corresponding projection data.

4.2. Constraints Imposed by Simplified vCT Models

Despite the advantages of vCT in terms of reproducibility and controllability, its
utility is fundamentally constrained by the realism of the underlying simulation models.
In particular, simplified assumptions about the source spectrum (e.g., purely monochro-
matic models), detector behavior, and system geometry may lead to discrepancies between
simulated and real measurements [88]. Likewise, noise in vCT is often absent, Gaussian,
or otherwise mismatched compared to the complex, energy-dependent, and spatially
varying noise characteristics observed in xCT systems. The importance of realistic noise
models is well highlighted in [89] and in [58], both showing that methods trained on
simplified or mismatched noise distributions may perform well in simulations but degrade
substantially on experimental data. Similarly, common artifacts such as beam hardening,
scatter, or detector cross-talk are rarely modeled with sufficient fidelity, with significant
implications for quantitative imaging accuracy [90]. Comparative studies also demon-
strate that multi-energy CT simulations may diverge from real phantom measurements
if oversimplified assumptions are applied to source spectra or material models [91]. As a
result, reconstruction or artifact-correction methods trained or evaluated solely on vCT
data may demonstrate good performance in simulations but fail to generalize to real-world
xCT measurements.

These limitations underline the importance of developing more realistic simula-
tion pipelines as a basis for vCT, combining polychromatic source models, observation-
consistent noise generation, and artifact modeling, as well as validating vCT-trained
methods against real xCT benchmarks whenever possible. For a more in-depth inves-
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tigation of such modeling quality issues (e.g., the distinction between oversimplified
and observation-consistent models), datasets that include both real raw measurements
or synthetic sinograms (at all simulation stages) and corresponding digital phantoms are
essential—precisely the type of resource advocated in this work.

4.3. Lack of Raw Data

In medical datasets, the de facto standard [65,66] involves providing sinograms after
all conventional preprocessing steps, particularly those that include water correction (BHC).
At the same time, the ability to access data in its minimally processed (or unprocessed,
raw) form may be of interest to both developers of BHC methods and those who develop
projection- or dual-domain task-oriented methods. Using vCT for dataset synthesis allows
for obtaining raw data, with large data volume being the primary remaining limitation.

4.4. Using the Best Reconstruction as the GT

The need to use reconstructions under optimal acquisition conditions as GT is a
characteristic of real-world measurements of patients or other objects with unknown
internal structure. It is also important to note that using the best available reconstruction
as GT inherently depends on the specific reconstruction method employed. As a result,
learning-based approaches in such settings may unintentionally learn and reproduce
artifacts specific to that method. The degree of influence exerted by the selected CT
reconstruction method on the accuracy of reconstruction quality assessments and on the
derived conclusions warrants additional analysis [46].

In contrast, vCT enables the use of analytically computed digital GT for a given
reference energy of a monochromatic source; however, this approach has been adopted
in only one publicly available dataset [65]. Furthermore, in an attempt to mitigate the
influence of forward projection and reconstruction procedures on the GT, some challenges,
such as the AAPM CT-MAR challenge [67], applied frequency boosting [92]. However, this
led to a mismatch between the scanned object and the reconstructed results.

4.5. Data Verification

An excellent practice to assist users of datasets in preparing and testing reconstruction
code is the provision of both sinograms and an example of the expected CT reconstruction
for a test object [65]. This is particularly valuable when a digital twin of the test object
exists, for instance, in the form of an analytical GT. Additionally, such data verification is
useful for assessing the realism of the dataset and ensuring the absence of severe modeling
artifacts that could render the dataset unsuitable for further utilization [5].

It is worth noting that the use of an analytical GT imposes higher requirements on
the quality and automation of data validation. For example, inconsistencies in geometric
parameters may go unnoticed if both the projections for the method under evaluation and
those for the GT are generated using the same geometric configuration during simulation.

4.6. Implicit Specification of the Region of Interest and/or Its Inaccuracy

A typical CT reconstruction result generally represents a cylindrical volume, outside
of which voxel values cannot be considered meaningful. Cropping to the inner volume
of this cylinder [46] significantly reduces the usable region and is often infeasible, as it
may exclude parts of the object of interest. A common compromise is to reduce the
analyzed volume partially, leaving noisy artifacts outside the region of reconstruction.
When quality assessment metrics are computed over the entire volume, such noise can
distort the evaluation results; however, this issue is often overlooked in most studies.

To evaluate physically based characteristics, small regions are typically used—usually
requiring prior knowledge of homogeneous areas or precise boundaries between distinct
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regions. Additionally, task-based evaluation metrics may be computed not over the full
volume or slice, but within volumes of interest (VOIs) associated with relevant objects (e.g.,
lesions) or disease-related structures [32,65,84].

Therefore, we emphasize the importance of explicitly specifying the shape and size of
VOIs in datasets, as comparisons between the reconstruction and GT outside these regions
are meaningless. If the full volume cannot be used for evaluation, an additional, precisely
defined evaluation protocol must be provided. This should include enforced masking of
noisy regions or the use of metrics adapted for masked evaluation [5]. Accurate annotation
of all regions used for metric computation should be explicit and constitute an integral part
of both the dataset and the benchmarking procedure.

4.7. Vague Descriptions Without Publication of the Corresponding Quality Assessment Code

FR-IQA functions of general purpose, as implemented in popular libraries, are typi-
cally designed for images with intensity ranges of either [0.0, 1.0] (floating-point) or [0, 255]
(integer). To enable proper evaluation, tomographic data must be normalized to the re-
quired range. This normalization may involve clipping values outside the specified bounds
and applying linear rescaling. In medical imaging studies, normalization parameters are
often defined in terms of a specific HU window selected for analysis.

It is important to note that many quality assessment functions involve additional
hyperparameters, the default values of which may vary across different implementations.

In certain cases, such as when using a digital GT or in super-resolution tasks, the spatial
resolution of the reconstruction results may differ from that of the GT. For instance, in [65],
the reconstructed images are upsampled using linear interpolation to match the resolution
of the digital phantom. Conversely, the digital GT can also be downscaled to the resolution
of the reconstruction.

The quality assessment of CT images remains an important theoretical and practical
issue to be addressed [75]. To ensure reproducibility, all decisions and rationales taken
must be clearly and accurately documented, including any threshold values or constants
used, as part of the dataset specification. In most cases, without the publication of the
evaluation scripts, the risk of errors in reproduction significantly increases.

We next address the formalization of a data model for CT datasets, intended to
facilitate the identification and documentation of domain-specific factors that compromise
reproducibility.

5. Model
5.1. Basic Notation

Let us consider model representations of the physical volume in space. All coordinate
systems (CSs) used hereafter are Cartesian, with points denoted as p = (p1, p2, p3) ∈ R3.
Let there be a global coordinate system (GCS), while all other CSs are defined as tuples of the

form c def
= ⟨0, e1, e2, e3⟩, where 0 denotes the origin of the CS c (and is represented by a point

in GCS), ei, i ∈ I, signify basis vectors of the CS c (defined in GCS), and I def
= {1, 2, 3} is the

(ordinal) set of indices. The basis vectors of the CS are mutually orthogonal ei · ej = 0, are
of equal unit length |ei| = |ej| = 1, ∀i ̸= j, and form a vector triad with the same orientation
as the basis of the GCS, in particular, e3 = e1 × e2.

A voxel volume with side lengths n def
=(n1, n2, n3) is defined as a tuple consisting of

an image and a CS, ⟨I3
n, c⟩, where the image is a mapping I3

n : Z3
n → T. The domain

Z3
n

def
= ∏3

i=1{0, 1, . . . , ni − 1} ⊂ R3 is called the raster, with ni ∈ N, and T denotes the voxel
value type, which includes a special value ∅.

A tuple ⟨z, a⟩, where z ∈ Z3
n, a ∈ T, is called a voxel. The vector z is referred to as

the voxel position, its elements as the voxel coordinates, and a as the voxel value, with the
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special value ∅ indicating the absence of information. In the coordinate system of the voxel
volume c, a voxel is interpreted as a cubic volume whose center is specified by the voxel
coordinates, and whose edge length coincides with the length of a basis vector.

Hereafter, without loss of generality, we consider rigid objects, for which the object’s
own coordinate system (OCS) is rigidly attached to the object. We use the notation p ∈ [c] or
p[c] to indicate that the coordinates of point p are expressed in the coordinate system c. For
two given coordinate systems c1 and c2, the transformation that converts the coordinates
of points from c1 to c2 is denoted by g[c2,c1], i.e., p[c2]

= g[c2,c1]p[c1]
. Moreover, a chain of

successive coordinate transformations can be simplified as g[c3,c2]g[c2,c1] = g[c3,c1].

5.2. Digital (Object) Model

The spatial distribution of the physical object is described by n materials, specified

by the identifier vector m def
= (m1, . . . , mn). We will use the following types, ordered by

decreasing potentially achievable accuracy of representing a digital model of the object:

• V[c,m]—vector model in the coordinate system c;
• W[c,m]—material weight mask in the coordinate system c;
• S[c,m]—segmentation mask in the coordinate system c;
• R[c,e]—reconstruction (LAC values) in the coordinate system c at a given reference

energy e;
• H[c]—reconstruction in HU units in the coordinate system c;
• I[c,w]—reconstruction in the coordinate system c with a given HU-window w.

The explicit indication of the CS, material vector, and reference energy may hereafter
be omitted when not required by the context. From the perspective of CT tasks, typical
transformations between the described types and sinograms P are shown in Figure 1; the
identifiers of the transformations are indicated on the edges and are examined in more
detail in Table 3 and subsequently explained in the text.

The vector model v[c] ∈ V[c] describes the material distribution in the volume by means
of analytical functions. Specific methods of representation and manipulation are provided
by CAD technologies: sets of primitives and operation trees, spline-based or polygo-
nal/triangulated boundary surfaces. Voxels of the material weight mask w[c,m] ∈ W[c,m] con-

tain vectors of the form w def
= (w1, w2, . . . , wn), where wi ∈ [0.0, 1.0] is the weight of material

i, subject to the constraint ∑n
i=1 wi ≤ 1.0. Voxels of the segmentation mask s[c,m] ∈ S[c,m]

store the index of the assigned material class. And the reconstruction voxels r[c,e] ∈ R[c,e]
carry the LAC values at a given energy e, or their corresponding HU values h[c,e] ∈ H[c].

In medical applications, both for visualization and analysis, windowing of HU values

is employed, defined by the HU-window w
def
= ⟨l, ω⟩, where l is the level and ω is its width.

This HU-windowing is related to the visualization i[c,w] ∈ I[c,w]. Without loss of generality,
the representations H and I will henceforth be omitted in cases where their transformations
are analogous to those of R; further details on their use can be found in Section 5.4.

Table 3. Data transformations and their degree of determinism affecting reproducibility.

Id Transition Level Description

H2I H → I det windowing i[c,w] = H2I[w](h[c])

H2R H → R det|rnd dequantifying tissue density from HU to LAC r[c,e] = H2R[e](h[c])

P2R P → R var reconstruction r[c,e] = P2R[e](p)
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Table 3. Cont.

Id Transition Level Description

R2H R → H det quantifying tissue density in HU units h[c] = R2H(r[c,e])

R2S R → S var reconstruction segmentation s[c,m] = R2S[m](r[c,e])

R2V R → V var reconstruction vectorization v[c] = R2V(r[c,e])

R2W R → W var material separation w[c,m] = R2W[m](r[c,e])

S2V S → V var vectorization of a segmentation mask v[c] = S2V(s[c])

S2W S → W det material mapping w[c,m] = S2W(s[c,m])

V2P V → P rnd vCT projection of a vector phantom

V2S V → S det voxelization of a vector model into a segmentation mask s[c,m] = V2S[c,m](v)

V2W V → W det voxelization of a vector model into a material weight mask w[c,m] = V2W[c,m](v)

W2P W → P var|rnd vCT projection of a voxel phantom

W2R W → R det material-based LAC synthesis r[c,e] = W2R[e](w[c,m])

W2S W → S var segmentation/binarization of material weights

BHC P → P var correction of sinograms for BHC

P2P P → P var correction of sinograms, including BHC, ring suppression, and others

NOI P → P rnd noise contamination of sinograms (low photon counting)

DSS P → P det deterministic sinogram subsampling (sparse, limited angle and any-time CT)

RSS P → P rnd randomized sinogram subsampling (any-time CT)

DEN X → X

X∈{P, R, H, I}
var denoising

RES X → X

X∈{R, H, I, S, W}
var volume-based data resampling x[c2] = RES[c2,c1](x[c1]) betweem CSs c1 and c2

FOV X → S

X∈{R, H, I}
det binary FOV mask for reconstruction f FOV

[c]
= FOV(x[c])

W[c,m] P R[c,e] H[c] I[c,w]

V[c,m]

S[c,m]

H2I

H2R

P2R

R2V

R2H

R2S

R2W

S2W

S2V

V2W
V2P

V2S

W2P

W2S

W2R

Figure 1. Diagram of the notation for the main data types (representations) and the transformations
between them in the digital object model in vCT; the arcs represent the transformations, while boxes
stand for data types.
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A sinogram p ∈ P represents a set of projection images for a given set of acquisition
angles, obtained as the result of scanning either the entire object or only a portion of it, if the
object does not fully fit within the field of view (FOV). In the general case, the sinogram is
assumed to contain reconstruction-ready values (logarithmized and normalized). The nota-
tion praw will be utilized to denote the raw projection measurement results, supplemented
with the air scan, dark field scan, and the exact description/code of the procedure used to
generate the prepared reconstruction-ready sinogram.

A digital phantom is defined as a description of the scanned region used by a CT
simulator (vCT scanner) for sinogram calculation. Depending on the simulation method,
the phantom may be voxel-based w ∈ W, e.g., [73], or vector-based v ∈ V, e.g., [93].

5.3. Data Transformations

Data transformations between different types may occur with varying degrees of
reproducibility, which can be classified into one of the following three levels:

• det—weakly variable (the transformation algorithm is unambiguous, and when fixed
parameters are used, a high degree of reproducibility at level L2 is achieved);

• var—highly variable (the transformation may be performed in different ways, and al-
gorithms of varying degrees of accuracy exist; to achieve reproducibility beyond level
L1, a precise description is required);

• rnd—randomized (the algorithms are specifically designed to model stochastic pro-
cesses, in particular physical phenomena such as absorption, scattering, etc.; repro-
ducibility requires not only detailed descriptions/code but also the ability to control
the random seed).

The notation, variability level, and a brief description of the transformations are
presented in Table 3.

The segmentation mask f VOI
[c]

∈ S is specific to the scanned object and delineates
regions of interest (ROIs) within that object. In medical applications, such regions may
correspond to lesions, tumors, or similar structures, as well as to areas of homogeneous
material or tissue. The binary mask f FOV

[c]
represents the field of view (FOV), which is

determined by the scanning geometry and does not depend on the scanned object; in
the general case, it has a cylindrical shape. Without loss of generality, we assume the
operation f FOV

[c]
= FOV(r[c,e]) to be well defined, based on the values of non-informative

pixels stored in the DICOM (Digital Imaging and Communications in Medicine) format,
and also allowing for alternative methods of encoding this information within tomographic
reconstruction pipelines.

5.4. Specifics of Using HU Units and Windowing

The optical density of materials in the X-ray range is significantly influenced by photon
energy, meaning that HU values are not conserved when the reference energy is changed.
For example, Table 4 compares the HU values of several materials simulated using XCIST
for reference energies ere f = 80 kEv and ere f = 120 kEv.

As a result, the same object (e.g., a specific anatomical region of a patient) will have
varying voxel values depending on the photon energy used during scanning. This effect is
particularly pronounced for denser materials.
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Table 4. Material property values (XCIST database, .ncat files) modeled in XCIST for energies 80 kEv
and 120 kEv. The values of µere f are given in cm−1.

Material µ80 kEv µ120 kEv HU80 kEv
air HU120 kEv

air HU80 kEv
vac HU120 kEv

vac

air 0.000200 0.000154 −1000.0 −1000.0 −998.9 −998.9
lung 0.047451 0.036553 −742.3 −742.9 −741.5 −742.1
water 0.183566 0.141741 0.0 0.0 0.0 0.0
pancreas 0.189531 0.146516 32.5 33.7 32.5 33.7
skull 0.341355 0.222230 860.5 568.5 859.6 567.9
aluminum 0.544019 0.343439 1965.8 1424.6 1963.6 1423.0
titanium 1.835591 0.640721 9009.5 3524.2 8999.6 3520.4

It is important to note that in medical imaging, CT data processing often involves a
procedure called windowing. Windowing defines the HU range by selecting reconstruction
regions nominally corresponding to HU values 0 and 1, with the brightness of other regions
linearly scaled between 0 and 1. When calculating image quality assessment metrics, it is
crucial to distinguish whether the data being processed is pre- or post-window normalized.
HU values can be derived either from window-normalized data or from the original data,
and this distinction can significantly impact the results of quality assessments.

CT data processing frequently involves multiple recalculations with specific coeffi-
cients (e.g., the HU value for air). It is essential to explicitly and precisely define these
coefficients during reconstruction and quality assessment procedures (e.g., in DICOM
metadata). To ensure accurate quality assessments, the data processing workflow must be
detailed. For reproducibility in quality evaluation, either the processing code or specific
data annotations (e.g., in DICOM) should be provided.

The inverse transformation H2R is implemented by inverting Expressions (1) or (2).
In practice, the need for such a transformation arises at the stage of preparing a digi-
tal phantom from reconstructions in HU, for which it is recommended [59] to perform
dequantization with normalization of CS and the addition of low-amplitude noise.

5.5. Types of Functions for Assessing Reconstruction Quality

Within the proposed model, depending on the data used to compute quality assess-
ment functions, we identify five types of such functions (Table 5), for which the following
notation will be used.

For quality evaluation, the input data are brought into a common CS. It should
be noted that the computations must take into account the regions of relevant vox-

els, for example, f QFR

[c]
= FOV(rGT

[c,e]) ∩ FOV(r[c,e]) or f QTF

[c]
= FOV(rGT

[c,e]) ∩ FOV(r[c,e]) ∩ f VOIGT
[c]

.
The choice of averaging strategy across images and/or regions of interest is also critical
for reproducibility.

Table 5. Classification of quality assessment functions by input data (TF—task full reference, TM—
task model reference, TD—task-specific downstream).

Class
Id

r s
v rre f

sre f

vre f

f VOI
Examples Description

QTF + + + SNR ∗, RFS 1 task-specific with image reference

QTM + + CNR ∗, NPS, MTF task-specific without image reference
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Table 5. Cont.

Class
Id

r s
v rre f

sre f

vre f

f VOI
Examples Description

QTD + + DC 2, HD 3, d′ task-specific downstream application

QFR + + PSNR, SSIM, VIF, HaarPsiMED generic with image reference (FR-IQA)

QNR + BRISQUE 4, CT-NR-IQA 5 no reference (NR-IQA)

∗—regional (in VOI) evaluation. 1—radiomic feature similarity (RFS) [32]. 2—Dice Coefficient (DC) for segmen-
tation mask. 3—Hausdorff Distance (HD) for segmentation mask. 4—Blind/Referenceless Image Spatial Quality
Evaluator (BRISQUE) [94]. 5—CNN-based CT image NR-IQA [95]. The plus sign (+) indicates the types of data
that are used for quality assessment via the corresponding class of quality assessment functions.

5.6. Model for the Assessment of xCT Reconstruction Quality

In the terminology introduced above, we outline the workflow for dataset and bench-
mark construction [41,46] in which, for a physical object o with a given position, xCT
acquisitions yield high- and low-quality sinograms pre f and plow, with the corresponding
reconstructions rre f

[rec,e] and rlow
[rec,e] (Figure 2).

o

pre fplow

xCT

rre f
[rec,e]

rlow
[rec,e] sre f

[rec]

Q(·)

Figure 2. Scheme of the xCT experiment with multiple measurements for a single object, for the
2DeteCT dataset, according to references [41,46]. In this and the following figures, black solid arrows
indicate data transformations within the main pipeline, while black dashed arrows represent the use
of data for quality assessment.

For real measurements, a challenging technical task is to maintain a consistent CS
across all projection sets and their corresponding reconstructions. In reference [41], a unified
coordinate system is ensured at the level of the acquisition protocol and hardware. As
a result, the corresponding projections plow, pre f and reconstructions rlow

[rec,e], rre f
[rec,e] are

geometrically aligned in the CS rec, while the mask f FOV
[rec]

is fixed at the dataset specification

level. For rre f
[rec,e], the authors provide a segmentation mask sre f

[rec]
, which, however, is

not used in quality evaluation. Numerical quality assessments [46] are performed using
functions of type QFR, which introduces dependence on the selected reference acquisition
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settings and reconstruction algorithm. This dependence is explicitly highlighted by the
authors themselves as a limitation.

5.7. A Model for Assessing CT Reconstruction When Sinogram Modification Is Used

For data generation [46,59,68] in low-dose, sparse-angle, limited-angle, and any-time
CT tasks, a lower-quality sinogram plow

[e]
is generated from a high-quality reference sinogram

pre f
[e]

, followed by reconstruction and comparison of the results (Figure 3).

o

pre f
[e]

plow
[e]

xCT

rre f
[rec,e]

rlow
[rec,e] sre f

[rec]
f VOI
[rec]

Q(·)

Figure 3. Scheme of the dataset preparation and benchmarking with data generation via modification
(degradation) of real sinograms. In this and the following figures, gray dotted arrows denote
additional potential data transformations.

Quality reduction is achieved by subsampling projections DSS, RSS and/or adding
noise to the projections NOI. Within this scheme, both the sinograms themselves and
corresponding reconstructions, rre f

[rec,e] and rlow
[rec,e], are geometrically consistent. Denoising

DEN constitutes an integral part of the reconstruction process, although it is often treated as a
separate step—either as sinogram preprocessing or as postprocessing of the reconstructions.
The segmentation mask sre f

[rec]
, generated during the preparation stage, is regarded as part of

the reference, along with rre f
[rec,e], and subsequently, the quality of reconstruction algorithms

is evaluated using functions of types QFR, QTF.

5.8. A Model for Assessing CT Reconstruction in the MAR Task

According to the analysis of prior studies [61,66,96], in the MAR task, the scheme for
CT data generation and reconstruction quality evaluation (Figure 4) is based on modeling
the CT scanning process of two phantom versions that differ by the presence of a highly
attenuating inclusion.

In the data preparation stage (Figure 4), to enhance the realism of vCT, real patient
tomographic reconstructions h[src] are taken as the source, along with reconstructions hins

[ins]

with binary masks sins
[ins]

of highly attenuating inclusions. Simple methods for generating

the material weighting mask wre f
[pha,m]

from h[src] are based on the soft threshold-based
weighting method [97] for a selected reference energy (see Section 5.4). More accurate
and complex material masks can be obtained from neural network segmentation results,
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for example, as in [98]. The inclusion mask sins
[pha]

is positioned within the phantom volume

and combined with the phantom without inclusion wre f
[pha,m]

to generate the phantom with

inclusion wlow
[pha,m]

. The preparation of the volume-of-interest mask f VOI
[rec]

can be carried

out, taking into account the segmentation masks s[src] and/or sre f
[rec]

, with the use of the

inclusion position sins
[pha]

. In published works, the generation scheme for wlow
[pha,m]

and f VOI
[rec]

is

insufficiently detailed to guarantee reproducibility. The sinograms plow, pre f are generated
using a vCT simulator modeling the polychromatic source spectrum. The sinograms may be
produced either with BHC [64,67] or without BHC [61]. The reconstruction results rlow

[rec,e],

rre f
[rec,e] obtained by the reference and investigated methods are geometrically consistent.

These reconstructions, together with f VOI
[rec]

, are used for quality evaluation by means of

QFR, QTF, QTM.

hins
[ins]

sins
[ins]

sins
[pha]

h[src] s[src]

wlow
[pha,m] wre f

[pha,m]

plow pre f

rre f
[rec]

sre f
[rec]

f VOI
[rec]rlow

[rec,e]slow
[rec,e]

Q(·)

Figure 4. Experimental setup for MAR data generation in vCT.

5.9. A Model for Assessing CT Reconstruction Using Vector Models and vCT (TrueCT)

Let us consider the vCT scheme presented in [65] (Figure 5), where the vector model v
is voxelized within a given volume to obtain a digital phantom w[pha,m] and a volume-of-
interest mask f VOI

[pha]
. In this setup, the reference energy e of a monoenergetic source, consis-

tent with W2P, P2R, together with the material dictionary, is used to compute the analytical
reconstruction result in HU units taken as the ground truth, hsyn

[pha]
= R2H(W2R[e](w[pha,m])).

The sinogram pbhc
[e]

= BHC[e](W2P(w[pha,m])) is generated by a virtual scanner with
source spectrum modeling and water correction, i.e., it contains normalized values after
BHC. The reconstruction results r[rec,e] = P2R(pbhc

[e]
) are mapped to the phantom coordinate

system (by upscaling to the voxel size of the corresponding human models using linear
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interpolation) and converted into HU units h[pha] = R2H(RES(r[rec,e])) at the effective
acquisition energy. The quality evaluation functions QFR, QTF, QTM are computed for
reconstructions in HU units expressed in the phantom coordinate system and with the
use of the volume-of-interest masks f VOI

[pha]
. It should be noted that the use of the phantom

coordinate system for evaluation [65] is a design choice of the cited study’s authors and is
neither justified nor validated.

v w[pha,m]

pbhc
[e]

f VOI
[pha]

vCT

r[rec,e]

P2R

h[pha] hsyn
[pha]

Q(·)

Figure 5. TrueCT modeling scheme.

6. Extended Frameworks for Data Preparation and Benchmarking
Section 2.1 outlines a broad range of specific task formulations that are commonly

treated as CT quality improvement tasks, yet, as demonstrated in Section 3, no open
datasets or benchmarks are available for them. The list of data-deficient tasks can be further
extended by:

• selection of optimal acquisition modes and parameters, including object orientation,
projection angles, source spectrum, exposure, etc.;

• evaluation of the robustness of learning-based reconstruction methods to input vari-
ability, including robustness to adversarial attacks [99].

Along with this, in most cases, CT reconstruction is not the final output of the pipeline.
From the users’ perspective, the ultimate goal is not merely the quality of the reconstruction
itself, but rather the quality of results and performance in one or more downstream tasks,
as listed in Table 6.

Expanding the number of tasks covered by datasets requires extending the data
preparation workflows for benchmarking. The proposed variants of the workflows will be
examined in detail for xCT (Section 6.1) and vCT (Section 6.2).
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Table 6. Types of CT downstream tasks.

n GT Description

1 classification

2 s segmentation (including semantic segmentation such as material decomposition, as well as instance
and panoptic segmentation)

3 v vectorization
4 v object detection
5 direct estimation of volume characteristics (without explicit use of items 1–4)
6 prediction (e.g., survival prediction in medicine)

7 r image harmonization and normalization (i.e., rescaling to a standard spatial resolution and intensity
range, including super-resolution techniques)

8 g[ci,cj] registration
8.1 CT image registration
8.2 limited-overlap region registration (image stitching)
8.3 multi-modal (tomographic) image registration
8.4 multi-scale (tomographic) image registration
8.5 vector-model to tomographic image registration

6.1. Extended Model for CT Data Evaluation in xCT Scanning

The proposed xCT data preparation workflow is illustrated in Figure 6, where, in the
general case, a rigid (non-deformable) object is scanned in a pair of arbitrary orientations o
and ore f .

Such a workflow makes it possible to evaluate the impact of object orientation during
CT scanning on reconstruction quality, which is particularly relevant for indCT. In this
case, there is no natural unified coordinate system CS for the reconstructions; therefore,
the target CS tgt is chosen for reasons of convenience (a task-dependent CS). This CS
is aligned with the intended downstream use of the reconstructions and, in the general
case, does not coincide with either the phantom CS or the reconstruction CS. In medical
applications, an example of this approach is the normalization of reconstruction spatial
resolution for the calculation of radiomics features [36,38].

When the experimental setup allows, the parameters gphy describing changes in the ge-
ometric position of the object in space are measured via instrumental means. Under general
conditions, no restrictions are imposed on either the measurement scheme or the method
of measurement. Even when a single measurement system is employed, the sinograms
p, pre f and their corresponding reconstructions r, rre f remain geometrically independent.
For quality assessment, the workflow must include an image registration stage, which
yields an estimate of the geometric alignment parameters grec for co-registration of r and
rre f . Such an estimation may be performed either with the aid of gphy or independently of it.
In general, all reconstructions are transformed into a common target CS tgt and reference
energy e, resulting in r[tgt], rre f

[tgt]
. The region of the common field of view is defined as

f FOV
[tgt]

= FOV(r[tgt]) ∩ FOV(rre f
[tgt]

). During the data preparation stage, the segmentation map

sre f
[tgt]

together with the vector models vre f
[tgt]

of the object are utilized to derive precise

annotations of the regions of interest f VOI
[tgt]

. In contrast to Section 5.6, we propose extending

the evaluation beyond QFR to include task-specific metrics computed within the regions of
interest QTF, as well as system-level quality measures QTD.

If a prior vector model of the object v is available, denoted by v[tgt], it can be aligned

with the reconstruction results rre f
[tgt]

. From this alignment, segmentation masks smod
[tgt]

, VOIs

f mod
[tgt]

, and the aligned vector model itself vmod
[tgt]

can be derived and subsequently used for

computing the task-specific model-based quality assessment functions QTM. This type
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of approach is applied for automatic or semi-automatic quality control of medical CT
reconstructions using physical phantoms [100].

o ore f
gphy

p pre f

rre fr
grec

rre f
[tgt,e]

r[tgt,e] f FOV
[tgt]

f VOI
[tgt] sre f

[tgt]
, vre f

[tgt]
s[tgt], v[tgt]

Q(·)

vmod

vmod
[tgt]

, smod
[tgt]

, f mod
[tgt]

Figure 6. Generalized workflow for extended xCT experimentation.

6.2. Extended Model for CT Data Evaluation in vCT Scanning

Let us consider the data preparation and benchmarking workflow based on voxel-
based data, since for vector models, the workflow is simpler (due to voxelization into
predefined CSs). The preparation of vCT data can be conveniently divided into two stages:
the construction of the digital phantom (see Figure 7a) and the actual vCT simulation (see
Figure 7b).

The initial stage of data preparation is similar to Section 5.8: for each original recon-
struction hi

[si]
or ri

[si]
, spatial normalization may be performed (if necessary) to enforce

axis-wise uniformity of the CS, along with dequantization achieved through CS adjustment
and the addition of low-amplitude noise to the values. Subsequently, a material decomposi-
tion w[ci] and a mask of regions of interest f VOIi

[ci]
are generated in the normalized coordinate

system ci. At this stage, reference segmentation maps si
[ci]

and vector models vi
[ci]

may also
be produced.
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h1
[s1]

, r1
[s1]

. . .

w1
[c1]

, f VOI1
[c1]

. . .

s1
[c1]

, v[c1]

hk
[sk]

, rk
[sk]

wk
[ck]

, f VOIk
[ck]

sk
[ck]

, v[ck]

w[o], f VOIo
[o]

s[o], v[o]

w[pha,m], w[tgt,m]

g[tgt,o]

f
VOIre f
[tgt]

, sre f
[tgt]

, vre f
[tgt]

(a)

w[pha,m] w[tgt,m]

prawp[e]

vCT

r[rec,e]

r[tgt,e], f FOV
[tgt]

s[tgt], v[tgt]

rsyn
[tgt,e] f

VOIre f
[tgt]

sre f
[tgt]

, vre f
[tgt]

Q(·)

(b)

Figure 7. vCT workflow for benchmarking: (a) data preparation, (b) quality assessment.
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We propose to consider the next stage in a more general form as the combination of
multiple objects to generate a digital twin of the object (w[o], f VOIo

[o]
, s[o], v[o]) in the coordi-

nate system o. This approach allows for modeling of not only typical medCT insertions,
such as “metallic inclusions” or tumors, but also of scenarios closer to indCT, for example,
placing the object within a shell or container.

For the vCT scanning itself, a phantom w[pha,m] is generated as a WMM w[pha,m] within
the scanning region in the CS pha, representing the object or its region in a given orientation.
The result of the combination may include w[tgt,m], as well as g[tgt,o], which is then used

for the automatic derivation of the reference description f
VOIre f
[tgt]

, sre f
[tgt]

, vre f
[tgt]

.
The target coordinate system tgt is defined as common to all phantoms whose recon-

struction results are intended for subsequent comparison. If the CS tgt is not known at the

phantom generation stage, then f
VOIre f
[pha]

, sre f
[pha]

, vre f
[pha]

may become the artifacts stored as part
of the dataset.

When simulating the raw sinogram praw = W2P[e](w[pha,m]) for a polychromatic source
spectrum e, a reference energy e = ere f is fixed, at which the analytical reconstruction
rsyn
[tgt,e] = g[tgt,o](W2R[e](w[o,m])) is computed. To improve reproducibility, rsyn

[o,e] or rsyn
[pha,e]

may be considered as part of the dataset.
The computation of the sequence of possible corrections and transformations of the

sinogram between the raw version praw and the reconstruction-ready version p[e] requires
a certain baseline as part of the benchmark. Moreover, the sinograms at each stage should
be considered part of the dataset to enhance reproducibility.

Since g[tgt,o] and g[o,rec] are determined by the generation procedure and the geo-
metric parameters of the vCT, the transformation parameters g[tgt,rec] = g[tgt,o]g[o,rec] for
r[tgt,e] = RES[tgt,rec](r[rec,e]) can be readily computed. It is worth noting that the explicit
preservation of geometric transformation parameters in the dataset for different orientations
of the same phantom object enables the evaluation of registration, alignment, stitching, etc.

After constructing s[tgt], v[tgt], all types of quality assessment functions (Section 5.5)

can be applied to evaluate the reconstruction results, utilizing f
VOIre f
[tgt]

and the GT in the

form of rsyn
[tgt,e], sre f

[tgt]
, vre f

[tgt]
.

6.3. Proposals for Practices in CT Dataset and Benchmark Creation Conducive to Reproducibility

At the current stage, one of the limiting factors in the development of CT reconstruc-
tion methods is the lack of publicly available volumetric datasets with high variability for
training and benchmarking, which would allow for objective and reliable comparison of
different methods. A primary source of such data could be highly realistic virtual vCT sim-
ulations. Nevertheless, existing data preparation practices typically follow straightforward
pipelines for scanning real-world physical objects and do not fully exploit the potential
offered by vCT.

Three out of the four evaluation models (Sections 5.6–5.8) exploit their inherent consis-
tency of CSs of the resulting reconstructions. Several authors have noted the substantial
dependence of these models on the choice of the underlying reconstruction method. How-
ever, even for image-domain artifact correction approaches, no studies have investigated
the hypothesis that the ranking of method quality is independent of the selected baseline
reconstruction algorithm.

The essential components and conditions for reproducible CT data modeling and
quality assessment are summarized in Table 7, serving as a practical checklist for data
preparation and evaluation. The statements listed in this table may be used to construct a
checklist, with each item rated according to one of three options: yes, no, or not applicable.
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Table 7. Essential components and conditions for reproducible CT benchmarking, enhancing the
reproducibility of reconstruction algorithm quality assessment.

n Level
xCT
Sec-
tion 5.6

vCT
Sec-
tion 5.9

Description

1 L1 + + deterministic implementation (CPU vs GPU, libraries, etc.)
2 L1 + + specified sinogram subsampling
3 L1 + fixed random seed in the simulation of stochastic processes
4 L2 + + dataset includes data (sinograms + GT) of the calibration and validation objects
5 L2 + + dataset includes masks f FOV

6 L2 + + dataset includes masks f VOI

7 L2 + +
dataset includes raw sinograms praw (raw scan data) as input into the sinogram
preprocessing stage p[e] = P2P(praw)

8 L2 + +
dataset includes intermediate sinograms obtained during the sinogram preprocess-
ing stage p[e] = P2P(praw)

9 L2 + +
dataset includes reconstruction-ready sinograms p[e] as output of the sinogram
preprocessing stage p[e] = P2P(praw)

10 L2 + +
dataset includes volumes reconstructed using a baseline method (specified method
with fixed parameters)

11 L2 + + specified method with fixed parameters for dequantifying tissue density H2R

12 L2 + + specified method with fixed parameters for quantifying tissue density R2H

13 L2 + + specified method with fixed parameters for resampling RES

14 L2 + +
quality is assessed using functions with a specified implementation and fixed pa-
rameters (including the required normalization of reconstruction value ranges)

15 L2 + + quality is assessed in the specified fixed CS

16 L2 + +
quality is assessed along with the computation of uncertainty measures for the
obtained estimates

17 L2 + + quality is assessed within the specified f FOV

18 L2 + +
specified method with fixed parameters for sinogram preprocessing p[e] = P2P(praw),
including BHC

19 L2 + dataset includes analytical GT rsyn
[tgt,e] for the reconstructions

20 L2 + quality is assessed using analytical GT rsyn
[tgt,e]

21 L2 +
vCT specified method with fixed material decomposition parameters R2W|H2W used
to design phantoms

22 L2 + vCT specified method with fixed parameters for noise modeling

23 L2 +
vCT specified method for simulating the polychromatic spectrum of the probing
radiation with determined parameters (including filters)

24 L2 + vCT specified method with fixed parameters for scattering modeling

25 L2 +
vCT specified method with fixed parameters for X-ray absorption modeling (with
material-specific reference LAC values also provided)

26 L2 + vCT specified method with fixed parameters for modeling projection registration
27 L3 + + dataset includes composite objects with varying configurations

28 L3 + +
dataset includes objects in multiple geometric positions, together with information
on these positions (intended for registration)

29 L3 + + dataset includes objects scanned under different acquisition protocols

30 L3 + +
dataset includes objects equipped with reference features (intended for registra-
tion tasks)

31 L3 + +
dataset includes digital models of objects (digital twins), either segmentation-based
and/or vector-based

32 L3 + + quality is assessed using various task-specific ranking methods

33 L3 + +
quality assessment functions’ sensitivity to the selected reference reconstruction
method, P2R is examined

34 L3 + published pipeline for benchmark data generation
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In medCT, representativeness is often defined in terms of the balance and coverage
of patient cohorts across various attributes commonly used in medical studies (e.g., sex,
age, height, weight, diagnosis, ethnicity, etc.). Both the data preparation models and the
datasets under consideration are tailored to medCT, thereby considerably restricting their
utility for indCT tasks. IndCT requires the development of models and methods to describe
the variability of objects, acquisition protocols, and reconstruction outcomes, enabling the
creation of balanced samples and the accurate tracking of benchmark applicability limits.
This task is further complicated by the fact that visually similar reconstruction artifacts may
arise from different underlying data characteristics.

7. Future Works
7.1. Enhancing Reproducibility

Raising awareness of reproducibility issues can be achieved through information dis-
semination, the development of informational models, checklists, and publication policies.

A critical step in advancing CT reconstruction methods may be the adoption of prac-
tices established in the ML/DL community, such as replication or independent reproduction
of published results using publicly available datasets and benchmarks. Refinement of data
generation and processing models in xCT/vCT pipelines, along with the identification of
key drivers for enhancing reproducibility, is essential. Compliance with the components
and conditions outlined in Section 6.3 in data preparation workflows and benchmark
utilization is a key component of this effort.

Another key avenue for improving reproducibility is narrowing the gap between
xCT and vCT results. Some studies addressing this issue have already been conducted,
with results available to the research community [73,101]. Nonetheless, there is currently no
established practice for publishing raw measurement data, which hampers the creation of
more accurate models of CT systems and their individual components, including realistic,
observation-consistent modeling of component degradation.

A major contribution to reproducibility could come from the development of new
pairs of physical objects and their digital twins, for which coordinated xCT and vCT
measurements are performed. Publishing these results across a wide range of acquisition
conditions, imaging modes, and system components would enable benchmarking based
on these datasets.

Accumulation of such coordinated datasets would allow for the verification of sim-
plified projection and reconstruction modeling methods, which are often proposed to
overcome the inherent computational challenges associated with increasing the realism of
vCT simulations.

At the same time, one of the most practical barriers to reproducibility remains the
substantial computational cost of high-fidelity vCT modeling. The simulation of re-
alistic physics, spectral characteristics, and system imperfections often demands high-
performance computing resources, which limits the accessibility of these methods to well-
funded laboratories. Addressing this obstacle requires both the development of more
efficient surrogate models and community practices for sharing pre-computed reference
datasets to reduce redundant computational efforts.

A key indicator of success in this direction would be improved reproducibility of
methods trained on vCT data when applied to real xCT measurements.

7.2. Development of Evaluation Methods

The use of analytical GT is currently underrepresented in studies. Existing quality
assessment metrics and loss functions in ML/DL methods may require additional adapta-
tion, as reproducing such reference results is, on the one hand, independent of the choice of
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the underlying reconstruction method, but on the other hand, fundamentally unattainable.
The best achievable reconstruction outcome typically lies somewhere between the analytical
GT and the reconstruction under optimal conditions.

To standardize evaluation methods and metrics, a more systematic approach is
required—one that considers the evaluation task more comprehensively, taking into ac-
count potential downstream tasks and formally defining the limits of variability in objects,
acquisition protocols, and sinograms.

Given the wide range of applied tasks addressed using CT reconstruction, a single,
universally correct measure of quality is not feasible. Therefore, the future lies in the
development of a standardized set of baseline evaluation metrics and task-specific ranking
methods that aggregate assessment results based on such metrics.

Attention must also be given to the reproducibility of the quality assessment proce-
dures themselves, which should be reasonably tolerant to the inherent variability of CT
reconstruction results. In this context, the creation of open-access datasets and benchmarks
for the verification of evaluation metrics and ranking methods becomes momentous.

7.3. Creating New Open Multitask and Multidomain CT Datasets

A critical component of the initiatives outlined above is the creation and publication
of datasets that incorporate the most comprehensive data possible. Such datasets should
include the original digital models and phantoms, raw measurement data, intermedi-
ate projection-processing results, reconstructed volumes, as well as detailed records of
geometric configurations and parameters for both xCT acquisition and vCT simulations.

To overcome domain boundaries, these datasets must also contain a series of measure-
ments of the same object acquired under a wide range of positions, conditions, and scanning
regimes. The systematic inclusion of such series—particularly for calibration objects—
would not only facilitate debugging of CT reconstruction pipelines but also expand the
repertoire of available evaluation functions.

As the scope of accessible datasets grows, the issue of selecting and analyzing rep-
resentative subsets will become increasingly critical. On the one hand, careful curation
is required to ensure high representativeness; on the other, it is equally important to de-
fine clearly the boundaries of dataset applicability. Addressing these challenges calls for
the development of formal ontological models for describing both tomographic measure-
ments and reconstructions. The ability to capture variability in this way will, in the future,
enable the construction of targeted subsets with predefined distributions of geometric
configurations, material compositions, scanning parameters, equipment characteristics,
and similar factors.

Collectively, these efforts should lay the groundwork for establishing shared bench-
marking protocols that support objective, reproducible, and informative comparisons of
reconstruction methods. Such protocols will enable the systematic tracking of scientific and
technological progress through open evaluation tools while also providing practitioners
with a sound basis for selecting the most effective methods and practices for their specific
application needs.

Nevertheless, ethical and legal aspects must also be considered, particularly in the
context of publishing medical CT data. Patient privacy, consent, and data protection
regulations (such as GDPR and HIPAA) place strict limits on data sharing. These issues
complicate the creation of openly accessible medical benchmarks and require solutions such
as anonymization, federated learning frameworks, or the use of hybrid datasets combining
real and synthetic scans. Without explicit attention to these concerns, efforts toward open
and reproducible benchmarking risk encountering significant barriers to adoption.
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8. Conclusions
In this work, we reviewed the current state of benchmarking practices in CT. The situ-

ation remains unsatisfactory: publicly available datasets are scarce, and those that do exist
are often incomplete in their description or tailored to a narrow range of tasks while also
suffering from methodological shortcomings. Methods commonly used by CT researchers—
including quality assessment techniques—are either not published at all or disseminated
in ways that make the associated benchmarking procedures effectively non-reproducible.
As a result, even the fundamental property of reproducibility is not satisfied in most CT
benchmarking studies.

By highlighting these limitations and analyzing prior work, we developed a data
model and formalized the data preparation and quality assessment schemes currently
used in practice. We then extended these schemes to support the preparation of datasets
applicable across a broader range of tasks. Crucially, the extended schemes substantially
enhance reproducibility in benchmarking, thereby advancing CT benchmarking to a new
methodological level.

Building on these schemes, we formulated a set of essential components and condi-
tions forming the foundation for reliable and reproducible data preparation and metric
comparison. We strongly encourage researchers involved in CT data curation and method
evaluation to integrate these components and conditions into their workflows. In particular,
we emphasize the importance of fully exploiting the potential of vCT, which provides
highly realistic data along with analytically computable phantoms. Surprisingly, despite
its clear advantages, this approach is still not widely adopted in current research. Instead,
researchers often rely on practices such as modifying already acquired real sinograms while
defining the ground truth as a high-quality reconstruction.

Many of the proposed components and conditions build upon practices already well
established in other domains, particularly in ML and DL, where benchmarking methodolo-
gies are far more mature. This work represents an initial step toward the establishment of a
standard for reproducible benchmarking in CT, aiming to align the field with broader scien-
tific practices and to foster more transparent, rigorous, and comparable research outcomes.
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Abbreviations
The following abbreviations are used in this manuscript:

BH beam hardening
BHC beam hardening correction
CAD computer-aided design
CNN convolutional neural network
CNR contrast-to-noise ratio
conCT conveyor computed tomography
CS coordinate system
CT computed tomography
DL deep learning
ESF edge spread function
FID Fréchet inception distance
FOV field of view
FR-IQA full-reference image quality assessment
GCS global coordinate system
HU Hounsfield units
indCT industrial computed tomography
IQM image quality metric
labCT laboratory computed tomography
LAC linear attenuation coefficient
LDCT low-dose computed tomography
LDR low-dose reconstruction
LSF line spread function
MAR metal artifact reduction
medCT medical computed tomography
ML machine learning
MTF modulation transfer function
MRI magnetic resonance imaging
NPS noise power spectrum
NR-IQA no-reference image quality assessment
PET positron emission tomography
OCS object’s coordinate system
PSF point spread function
PSNR peak signal-to-noise ratio
RFS radiomic feature similarity
RIC ring artifact correction
RMSE root mean square error
ROI region(s) of interest
RQA reference-based quality assessment
SAT subjective assessment techniques
SSIM structural similarity index measure
TSM triangulated surface mesh
TTF task transfer function
vCT virtual computed tomography
VIF visual information fidelity
VOI volume(s) of interest
WMM weighted material map
xCT X-ray computed tomography
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