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Abstract

The growing demand for high-quality medical imaging in clinical practice and
computer-assisted diagnosis has made 3D image reconstruction in radiological
imaging a key research focus. Artificial intelligence (AI) methods are increas-
ingly being used to improve reconstruction accuracy, accelerate image acquisition
or post-processing, and reduce patient burden. However, existing reviews often
organize the field by model architecture or imaging modality, which can obscure
how reconstruction behavior depends on the representation used for the tar-
get volume. This literature review synthesizes 103 eligible records, including
78 methodological studies and 25 records related to datasets, benchmarks, or
reconstruction resources. We included Al-based radiological reconstruction stud-
ies and reconstruction-related resource records, while excluding irrelevant or
inaccessible records. Based on how the reconstruction target is parameterized,
we organize Al-based 3D radiological reconstruction into four representation



families: discrete grid representations, explicit basis expansion representations,
explicit primitive representations, and implicit neural representations. We also
summarize publicly available datasets, benchmark practices, evaluation metrics,
and the strengths and limitations of different representation approaches. Finally,
we discuss clinical validation, preservation of small diagnostic structures, uncer-
tainty estimation, hallucinated anatomical structures, deployment efficiency,
privacy, interpretability, and regulatory barriers. Our project is available at:
https://github.com/Bean-Young/AI4Radiology.

Keywords: Radiological Imaging, 3D Reconstruction, Artificial Intelligence, Medical
Image Reconstruction, Representation Paradigms

1 Introduction

Radiology involves a series of imaging examinations used to visualize internal anatom-
ical structures and physiological processes in the human body, including X-ray,
magnetic resonance imaging (MRI), ultrasound, computed tomography (CT), and
positron emission tomography (PET) (Sanghvi and Harisinghani 2010). In modern
clinical practice, radiological imaging has become indispensable for early disease detec-
tion, diagnosis, treatment planning, and therapy monitoring (Shen et al. 2017). To
transform signals collected by imaging sensors into clinically interpretable images,
reconstruction algorithms play a central role (Ben Yedder et al. 2021). Among them,
three-dimensional reconstruction is particularly important, because it provides vol-
umetric representations of organs and tissues that help reveal infections, tumors,
trauma, and abnormalities in blood vessels and internal organs (Singh et al. 2020).

More broadly, research on 3D reconstruction in radiological imaging lies at the
intersection of applied mathematics, engineering, medicine, radiology, and computer
science (Blackledge 2005). Its development has not followed a single linear path, but
has instead been shaped by the interaction of imaging physics, inverse problem theory,
machine learning, and computer graphics. In this work, we review the evolution of Al-
based 3D reconstruction for radiological imaging from four closely related perspectives:
traditional reconstruction algorithms 1.1, neural network-based methods 1.2, gener-
ative models 1.3, and representation paradigms 1.4. These perspectives should not
be viewed as isolated branches. Rather, they have evolved through continuous inter-
action, with later methods often inheriting principles from earlier frameworks while
introducing new forms of data modeling and representation.

1.1 Development of Reconstruction Algorithms

Early radiological reconstruction methods were primarily based on analytical or model-
based formulations of the inverse problem (Gothwal et al. 2022). These methods relied
on explicit mathematical descriptions of the imaging system to recover images from
measurements. Representative examples include Filtered Back Projection (FBP) for
CT (Shi et al. 2015) and the Fast Fourier Transform (FFT) for MRI (Cooley et al.
1969; Sumanaweera and Liu 2005). These approaches remain foundational because
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they are computationally efficient and can produce high-quality reconstructions when
the data are noise-free and fully sampled (Jin et al. 2017). However, such physics-
driven methods mainly exploit the acquisition geometry and sampling characteristics
of the imaging system (Fessler 2017), making them sensitive to noise, missing data,
and modeling mismatch.

To improve robustness, iterative reconstruction methods were later introduced
(Gordon et al. 1970). Compared with analytical algorithms, iterative methods are
more flexible in incorporating statistical models, physical constraints, and prior infor-
mation, and therefore often provide better performance under noisy or incomplete
measurements (Ravishankar et al. 2019). In emission tomography, one representative
example is the Ordered Subset Expectation Maximization (OSEM) algorithm (Hudson
and Larkin 1994), which is an accelerated variant of Maximum Likelihood Expecta-
tion Maximization (MLEM) (Vardi et al. 1985). OSEM has been widely used in PET
imaging (Yao et al. 2000; Rapisarda et al. 2010) because it improves convergence speed
by dividing projection data into subsets and updating the image estimate iteratively.
Nevertheless, traditional reconstruction algorithms still face limitations in modeling
complex anatomical structures, heterogeneous noise patterns, and data variability in
real clinical environments (Wang et al. 2020).

1.2 Advent of Neural Networks

With the rapid development of artificial intelligence, neural networks introduced a
new data-driven paradigm for radiological image reconstruction (Subasi 2024). Their
strong representation capacity and nonlinear modeling ability have greatly expanded
the solution space of reconstruction algorithms, leading to increasing attention in 3D
radiological imaging (Hosny et al. 2018; Wang and Summers 2012).

At an early stage, convolutional neural networks (CNNs) (LeCun et al. 1989)
demonstrated remarkable capability in hierarchical feature learning (Chen et al. 2025),
which motivated their adoption in medical image reconstruction (Jurek et al. 2020).
For example, Gong et al. incorporated a deep residual CNN into an iterative frame-
work for PET reconstruction and improved image quality by leveraging inter-patient
information (Gong et al. 2018). Despite their success, CNNs are inherently limited in
modeling long-range dependencies and global context (Alzubaidi et al. 2021), which
can hinder their performance in complex 3D reconstruction tasks.

Inspired by the Transformer architecture (Vaswani et al. 2017), Vision Transform-
ers (ViT) (Dosovitskiy et al. 2020) were introduced into medical imaging and rapidly
became an important backbone for high-level image understanding (Azad et al. 2024).
Their global self-attention mechanism helps overcome some of the locality limitations
of CNNs. However, ViT is primarily designed for feature extraction rather than inverse
reconstruction, and its quadratic complexity can be problematic for high-resolution
radiological images (Ali et al. 2023). As a result, although neural networks have greatly
advanced reconstruction quality, efficiency and scalability remain important concerns.



1.3 Rise of Generative Models

Another major development came from generative modeling. Instead of only learning
deterministic mappings from input measurements to reconstructed images, generative
models aim to capture the underlying data distribution and thus provide a stronger
mechanism for prior modeling. Variational Autoencoders (VAE) (Kingma et al. 2013)
introduced probabilistic latent representations, while Generative Adversarial Networks
(GAN) (Goodfellow et al. 2014) employed adversarial training to generate realistic
samples. Their strong generation capability soon attracted attention in radiologi-
cal image reconstruction (Gothwal et al. 2022). For instance, Luo et al. proposed
a Transformer-GAN framework for reconstructing standard-dose PET images from
low-dose PET acquisitions (Luo et al. 2021).

Although GAN-based methods often improve image sharpness and perceptual real-
ism, their adversarial training process can be unstable and may introduce unnatural
structures that are undesirable in medical applications (Sriram et al. 2024). More
recently, diffusion models have emerged as a powerful alternative (Croitoru et al. 2023).
By learning a reverse denoising process from progressively corrupted data, diffusion
models offer more stable training and flexible prior modeling. For example, AdaD-
iff uses an adaptive diffusion prior for accelerated MRI reconstruction and addresses
domain shifts in both imaging operators and image distributions (Giingor et al. 2023).

Nevertheless, generative models still face challenges in 3D medical imaging. In par-
ticular, they often struggle to ensure viewpoint consistency, preserve internal structural
fidelity, and maintain computational efficiency when extended to volumetric recon-
struction (Chen et al. 2024; Molaei et al. 2023). These limitations motivate the search
for more suitable representation paradigms for 3D radiological reconstruction.

1.4 Emergence of Representation Paradigms

In recent years, the focus of 3D reconstruction research has gradually shifted from
network architecture alone to the question of how the reconstruction target itself
should be represented. This representation-centered perspective is especially important
in radiological imaging, because the choice of representation directly affects spatial
continuity, memory efficiency, rendering speed, and the ability to integrate physical
imaging models.

A major breakthrough in this direction came from implicit neural representations.
In the natural image domain, Neural Radiance Fields (NeRF) demonstrated that a
3D scene can be modeled as a continuous neural field and rendered from arbitrary
viewpoints with strong spatial consistency (Mildenhall et al. 2021). This idea was
soon adapted to radiological imaging. For example, MedNeRF combined NeRF with
GAN to reconstruct 3D-aware CT projections from single-view or few-view X-rays
(Corona-Figueroa et al. 2022), showing that continuous neural representations can
reduce radiation exposure while preserving high-fidelity anatomical information.

At the same time, explicit primitive-based representations also advanced rapidly.
While NeRF provides strong continuity and flexible rendering, its optimization and
inference are often computationally expensive, which limits real-time clinical applica-
bility (Wang et al. 2024). In contrast, 3D Gaussian Splatting (3DGS) introduced an



explicit primitive representation based on learnable Gaussian elements and achieved
both high reconstruction fidelity and fast rendering (Kerbl et al. 2023). This idea
has also inspired radiological applications. For instance, R2-Gaussian is a Gaussian
splatting framework for sparse-view tomographic reconstruction that improves both
efficiency and reconstruction quality in volumetric imaging (Zha et al. 2024). More
broadly, recent advances suggest that radiological image reconstruction can no longer
be adequately described only in terms of architectures such as CNNs, Transformers,
or GANSs. Instead, it increasingly requires a representation-oriented taxonomy.

From this viewpoint, the methods reviewed in this survey can be organized into four
representation families: discrete grid representations, explicit basis expansion represen-
tations, explicit primitive representations, and implicit neural representations. These
four families provide a more precise and consistent description of how reconstructed
targets are parameterized in modern radiological imaging systems.

In summary, advances in artificial intelligence have profoundly transformed the
field of 3D reconstruction in radiological imaging and have led to a rich variety of
methods. The developmental roadmap is shown in Fig.1. Therefore, a representation-
focused literature review is needed to clarify the relationships among these methods
and to provide a structured reference for future research.
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Fig. 1 A brief chronology of the development of techniques related to radiological image reconstruc-
tion in literature.

However, existing reviews often focus on specific model families or summarize only
a subset of available technologies, frequently overlooking the emerging role of implicit
imaging methods and representation-oriented analysis (Ahishakiye et al. 2021; Goth-
wal et al. 2022; Yasmin et al. 2012; Xia et al. 2023). This narrow focus makes it
difficult for readers to fully understand how radiological imaging, inverse problems,
and modern Al techniques have converged in recent years.

To address this gap, this review provides a structured overview of Al-based 3D
reconstruction in radiological imaging from a representation perspective. Specifically,
we organize existing methods into four representation families: discrete grid repre-
sentations, explicit basis expansion representations, explicit primitive representations,
and implicit neural representations. This taxonomy enables a more consistent compar-
ison of reconstruction strategies across CT, MRI, PET, SPECT, and 3D ultrasound.



Based on literature published in recent years, we summarize the key methodological
developments, benchmark datasets, evaluation metrics, current challenges, and future
opportunities in the field. The primary contributions of this review are as follows:

We provide a structured, representation-focused literature synthesis of Al-based 3D
radiological image reconstruction across CT, MRI, PET, SPECT, US, and multi-
modality scenarios.

We propose a representation-oriented taxonomy that organizes existing methods
into four families: discrete grid, explicit basis expansion, explicit primitive, and
implicit neural representations.

We present a refined overview of representative publicly available datasets and eval-
uation metrics for radiological image reconstruction, with emphasis on benchmark
fairness and clinical relevance.

We analyze current challenges, including continuous-field validation, small-structure
preservation, uncertainty, hallucinated anatomy, clinical translation, and regulatory
barriers, and outline future research directions for Al-based 3D radiological image
reconstruction.

The remainder of this survey is organized as follows. Section 2 describes the

literature review methodology. Section 3 introduces publicly available datasets and
evaluation metrics. Section 4 presents discrete grid representations. Section 5 intro-
duces explicit basis expansion representations. Section 6 summarizes explicit primitive
representations. Section 7 focuses on implicit neural representations. Section 8 dis-
cusses the strengths and weaknesses of different representation families, as well as
current challenges and future directions. Finally, Section 9 concludes the review.
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Fig. 2 Taxonomy of representation families for Al-based 3D reconstruction in radiological imaging.
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2 Methods

2.1 Literature Review

The research on 3D reconstruction in radiological imaging and artificial intelligence
was identified from Web of Science !, Google Scholar 2, and Scopus 2. The search
was designed as a representation-focused structured literature review rather than an
exhaustive evidence synthesis or quantitative meta-analysis. We used a PRISMA-
informed flow diagram and transparent screening report to improve reproducibility
of the literature synthesis (Page et al. 2021). We therefore aimed to capture repre-
sentative studies that explicitly contribute to Al-based three-dimensional radiological
reconstruction and to analyze them by output representation, while also retaining ear-
lier foundational reconstruction and representation papers when they were required
to explain the taxonomy. The final synthesis included 103 unique records, consisting
of 78 method studies and 25 dataset, benchmark, or reconstruction-resource records
used for the dataset and evaluation analysis.

The main search concepts were artificial intelligence, deep learning, 3D reconstruc-
tion, radiological or medical imaging, and image reconstruction. The exact database
queries, filters, screening scope, and retrieved record counts are summarized in Table 1.
Database-specific syntax was adapted where necessary, but the same conceptual query
was maintained across sources. For recent Al reconstruction methods, we focused on
publications from 2020 onward, because this period covers the rapid emergence of
Transformer, diffusion, NeRF/INR, and 3DGS-based reconstruction. Earlier studies
were included only when they provided foundational reconstruction algorithms, bench-
mark datasets, evaluation metrics, or representation concepts required for technical
context.

Eligible studies had to meet the following criteria: 1) the study addressed
radiological image reconstruction, image formation, sparse-view or limited-angle
reconstruction, low-dose or degraded-to-normal-dose recovery, slice-to-volume recon-
struction, novel-view reconstruction, or volumetric representation learning; 2) the
target data involved CT, MRI, PET, SPECT, ultrasound, or multimodal radiological
imaging; 3) the method used an Al-based model, learning-based prior, differentiable
representation, or representation-learning component; and 4) the paper provided
enough methodological detail to assign the method to a representation family. We
excluded studies that focused only on segmentation, classification, detection, registra-
tion, natural-image 3D reconstruction without radiological data, editorials, abstracts
without full methodological information, and inaccessible records.

Highly cited studies were used mainly to identify foundational context, whereas
recent low-citation papers were retained when they introduced relevant representation
paradigms such as diffusion priors, implicit fields, radiance fields, or Gaussian primi-
tives. The expanded search was last updated in May 2026. Across the three databases
and supplementary backward/forward citation checks, 612 records were identified.
After removing 142 duplicate records, 470 records were screened by title and abstract.

Lhttps://www.webofscience.com/
Zhttps://scholar.google.com/
Shttps://www.scopus.com/
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Table 1 Search strategy used for the representation-focused literature synthesis.

Source Exact query or screening rule Filters and Records
date

Web of (“artificial intelligence” OR “deep learning” English- 184
Science OR “neural network” OR “diffusion model” OR language

“implicit neural representation” OR “neural records;

radiance field” OR “Gaussian splatting”) AND 2020-May 2026,

(“3D” OR “three-dimensional” OR with earlier

“volumetric”) AND (“medical imaging” OR foundational

radiology OR CT OR MRI OR PET OR records retained

SPECT OR ultrasound) AND (reconstruction when needed
OR “image reconstruction” OR “view

synthesis” OR “sparse-view” OR “low-dose”

OR undersampling)

Scopus TITLE-ABS-KEY ((“artificial intelligence” OR  Article or 213
“deep learning” OR “neural network” OR conference
“diffusion model” OR “implicit neural paper; English;

representation” OR “neural radiance field” OR 2020-May 2026,
“Gaussian splatting”) AND (“3D” OR “three- with earlier
dimensional” OR “volumetric”) AND (“medical foundational
imaging” OR radiology OR CT OR MRI OR  records retained
PET OR SPECT OR ultrasound) AND when needed
(reconstruction OR “image reconstruction” OR

“view synthesis” OR “sparse-view” OR

“low-dose” OR undersampling))

Google The same conceptual query was searched, and  First 200 200
Scholar the first 200 results sorted by relevance were relevance-

screened because Google Scholar does not ranked results

provide fully reproducible database-style screened; last

export filters. search May 2026
Backward
2§§t§g;ward Reference lists and citing papers of key Targeted 15

taxonomy, dataset, and reconstruction-method citation checks
papers were checked to identify foundational or completed in
very recent records not captured by database = May 2026
queries.

checks

Four reviewers conducted the initial search and screening, and four senior authors
verified the included records and borderline cases. Disagreements were resolved by
consensus. Of the 470 screened records, 287 were excluded because they did not match
the radiological 3D reconstruction scope, did not include an Al or representation-
learning component, or focused only on segmentation, classification, registration,
or natural-image reconstruction. The remaining 183 full-text records were assessed
for eligibility, and 80 were excluded because they lacked sufficient methodological
detail for representation-family assignment, did not provide a relevant reconstruction
task, were inaccessible, or duplicated a preprint/conference/journal version already
represented in the corpus. Finally, 103 unique records were included for detailed syn-
thesis, consisting of 78 AI reconstruction method studies and 25 dataset, benchmark,
or reconstruction-resource records. Fig.3 illustrates the literature review workflow,
and Fig.5(a) shows the distribution of included records by year. Because the scope



spans multiple modalities and rapidly evolving representation families, the final cor-
pus should be interpreted as a structured representative synthesis rather than an
exhaustive census of all Al reconstruction papers.

Records identified Web of Science, Scopus, Google Scholar, and back-
from databases and citation checks ward /forward citation checks. Search last updated in
n = 612 May 2026.
Duplicate records removed Duplicate journal/conference/preprint versions and
n = 142 repeated database records were merged.

4 Excluded at screening: n = 287. Reasons:
] outside radiological 3D reconstruction, no

Al or representation-learning component,
segmentation/classification-only papers, registration-
only papers, or natural-image-only studies.

Records screened by title/abstract
n = 470

Y Excluded after full-text review: n = 80. Reasons:
[ Full-text records assessed ] insufficient methodological detail for representation-

n = 183 family assignment, irrelevant reconstruction task, in-
accessible full text, or duplicate technical version.

benchmark, or reconstruction-resource records. Cita-

[Records included in detailed synthesis
tion count was not used as an exclusion criterion.

78 Al reconstruction method studies and 25 dataset,
n =103

Fig. 3 Flowchart of the expanded literature review.

2.2 Literature Classification

There are multiple feasible criteria for classifying studies on 3D reconstruction in radi-
ological imaging (Ahishakiye et al. 2021; Sarmah et al. 2023). One common approach
is based on imaging modality, where studies are grouped according to CT, MRI, PET,
SPECT, US, or multimodal imaging, as illustrated in Fig. 5(b). Another approach
focuses on the anatomical region of interest, such as brain, breast, cardiac, or whole-
body imaging. A third and more task-oriented approach categorizes studies according
to the reconstruction objective. In this review, we adopt three task categories, as
shown in Fig. 4. Task I refers to reconstructing 3D images directly from raw mea-
surement data, such as projections, sinograms, k-space, list-mode data, or ultrasound
RF/channel data, and is primarily aimed at recovering images from the acquisition
domain while improving reconstruction efficiency. Task IT focuses on transforming
low-dose or degraded images into normal-dose or higher-quality images, with the
goal of improving image quality, suppressing noise, and reducing artifacts. Task IIT
refers to reconstructing images from incomplete or missing signals, aiming to recover
complete anatomical information from sparse-view, limited-angle, undersampled, or
novel-view observations. These three task categories are also used consistently in
Table 3 to organize the publicly available datasets reviewed in this paper.

While these classification schemes provide useful perspectives, they do not fully
capture methodological differences from the viewpoint of artificial intelligence. From
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Fig. 4 Three distinct task types in radiological image reconstruction.

the perspective of 3D representation, reconstruction methods can be broadly divided
into explicit and implicit representations. Explicit representations use directly param-
eterized forms, such as points, voxels, meshes, or Gaussian primitives, and are
generally discrete in nature. In particular, Gaussian representations preserve a discrete
primitive-based structure while maintaining local continuity within each primitive.
Implicit representations, in contrast, model the reconstructed target through contin-
uous functions, such as neural fields, and therefore represent imaging objects in a less
direct but more flexible manner. From this Al-oriented perspective, we further re-
examine 3D reconstruction methods in radiological imaging and classify the literature
according to output representation. The corresponding classification results are shown
in Fig. 5(c). Accordingly, one of the key contributions of this work is that
it classifies the literature from a representation-oriented perspective.

To make the taxonomy boundaries explicit, Table 2 summarizes the definition,
strengths, limitations, and typical examples of each family. The distinction is based on
the parameterization of the reconstructed object rather than on the neural backbone
used for optimization.

3 Datasets and metrics

3.1 Datasets

In 3D reconstruction for radiological imaging, publicly available datasets play a crucial
role (Li et al. 2023). High-quality and standardized datasets are essential for algo-
rithm training, validation, and testing. Public benchmarks provide a common basis for
fair comparison under consistent experimental settings, thereby facilitating method
development and optimization (Ogier du Terrail et al. 2022).

Compared with other medical imaging tasks, reconstruction datasets are often
more difficult to acquire because they usually require either access to raw measure-
ment data or paired acquisitions under comparable imaging conditions. In many cases,
this means that the subject must be scanned in a highly consistent manner, with min-
imal variation in positioning, posture, acquisition protocol, and physiological state,

10



Table 2 Conceptual boundaries among the four representation families used in this review.

Family

Definition and
examples

Strengths

Main limitations

Discrete grid

Explicit basis
expansion

Explicit
primitive

Implicit neural

Stores values on
voxels, pixels, slices,
or regular volumes;
examples include
CNN, Transformer,
and diffusion models
that output voxel
grids.

Represents the target
with coefficients over
analytical or learned
basis functions,
kernels, dictionaries, or
low-rank components.

Represents anatomy
using finite geometric
primitives such as
Gaussians or mesh
elements with explicit
parameters.

Represents the target
as a learned
coordinate-dependent
function, including
coordinate-based
intensity fields and
radiance fields.

Directly compatible
with clinical DICOM
volumes, conventional
metrics, and existing
reconstruction
pipelines.

Provides an
interpretable
coefficient-based
structure and can
encode smoothness or
physical priors.

Adaptive spatial
allocation and fast
differentiable
rendering are
attractive for
sparse-view and
novel-view tasks.

Continuous modeling,
arbitrary-resolution
querying, and strong
sparse-view fitting
capacity.

Fixed sampling may be
memory-intensive and
may limit continuous
spatial modeling.

Performance depends
on basis design and
conditioning; local
high-frequency detail
may be hard to
preserve.

Requires specialized
initialization,
rendering, and
regularization; small
structures can be
underrepresented if
primitives are too
coarse.

Optimization is often
slow; interpretability,
uncertainty
calibration, and
validation after
discretized sampling
remain difficult.

so that degraded measurements and reference images can be meaningfully aligned. In
addition, medical data collection is constrained by strict legal and regulatory require-
ments related to patient privacy (Kulynych and Greely 2017), which further increases
the cost and difficulty of dataset construction. Therefore, the availability of public
datasets greatly lowers the barrier to reproducible research.

Table 3 summarizes representative publicly available datasets for these task cat-
egories across CT, MRI, PET, SPECT, US, and multi-modality scenarios, with the
Task column organized according to the three reconstruction task types illustrated in
Fig. 4. For fair benchmarking, however, dataset suitability depends not only on modal-
ity and sample size but also on whether raw measurements are available, whether the
reference image is clinically credible, whether the sampling mask or dose-reduction
protocol is standardized, and whether the test set covers scanner, anatomy, and pathol-
ogy variation. Datasets with raw k-space, projection, list-mode, or RF/channel data
are better suited for evaluating reconstruction algorithms from the acquisition domain,
whereas paired low-dose/full-dose or sparse/full-view datasets are better suited for
restoration-style reconstruction. Datasets without raw measurements can still be useful

11
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for representation learning or novel-view synthesis, but they should not be interpreted
as complete acquisition-to-image reconstruction benchmarks.

Table 3: Representative public datasets for radiological image recon-
struction and ultrasound image formation.

Mod. Task Dataset Scale Benchmark relevance
Task I / AAPM Low 30 abdominal A classic low-dose CT
Task II Dose CT Grand cases plus an reconstruction benchmark
Challenge ACR phantom providing quarter-dose and
cT (McCollough full-dose CT data for algorithm
et al. 2017) comparison under clinically
relevant dose reduction.
Task I / LDCT-and- 299 clinical CT A TCIA/Mayo dataset containing
Task IT  Projection-Data examinations head, chest, and abdomen CT
(Moen et al. projection data in DICOM-CT-
2021) PD format, with routine-dose and
simulated low-dose projections for
CT reconstruction and denoising.
Task I / LoDoPaB-CT 46,573 2D A large low-dose CT benchmark
Task IT  (Leuschner image— derived from LIDC-IDRI,
et al. 2021) observation providing simulated
pairs low-photon-count CT
observations and ground-truth
images for inverse reconstruction.
Task I / SinoCT (Hooper >9,000 head A large head CT dataset with
Task III et al. 2021) CT scans reconstructed DICOM images and

GE CatSim-simulated sinograms,
suitable for sinogram-domain and
reduced-projection CT
reconstruction studies.

Continued on next page
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Table 3: Representative public datasets for radiological image recon-
struction and ultrasound image formation (continued).

Mod. Task Dataset Scale Benchmark relevance
Task I AAPM CT- 14,000 training A CT metal artifact reduction
/ Task MAR Challenge cases, 1,000 benchmark providing paired
11T (Haneda et al. test cases, and metal-corrupted and metal-free
2025) 29 final clinical images and sinograms, allowing
scoring cases image-domain, sinogram-domain,
and hybrid reconstruction
methods.
Task I / MORE (Wu 135 CT studies A multi-organ CT reconstruction
Task III et al. 2025) (65,575 slices)  benchmark covering 9 anatomies
and 15 lesion types, designed for
sparse-view CT reconstruction
and cross-anatomy generalization
evaluation.
Task III Corona- 25 CT volumes A paper-specific chest and knee
Figueroa et al. CT-to-DRR corpus used for
(Corona- single- or few-view X-ray/CT
Figueroa et al. projection reconstruction and
2022) 3D-aware radiological novel-view
synthesis.

Task I / fastMRI 1,594 knee raw A large-scale MRI reconstruction
Task III (Zbontar et al.  scans, 7,002 benchmark releasing raw k-space
2018; Knoll brain raw and reference images for

MRI et al. 2020) scans, plus accelerated single-coil and
prostate and multi-coil MRI reconstruction.
breast subsets

Task I / Calgary- 167 3D T1- A public brain MRI raw k-space
Task III Campinas weighted brain benchmark with 12-channel and
Public Brain MRI scans 32-channel acquisitions for
MR Raw accelerated 3D MRI
k-space Dataset reconstruction.
(Souza et al.
2018; Singh
et al. 2023)
Task I / OCMR (Chen 165 fully An open-access cardiac MRI
Task III et al. 2020) sampled and dataset providing multi-coil
212 k-space data for fully sampled
prospectively and prospectively undersampled
undersampled  cine reconstruction.
cardiac cine
series
Task I / SKM-TEA 155 gDESS A quantitative knee MRI dataset
Task III (Desai et al. knee MRI scans with raw k-space, reconstructed
2022) DICOM images, tissue

segmentations, and pathology
labels for end-to-end accelerated
MRI reconstruction evaluation.

Continued on next page
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Table 3: Representative public datasets for radiological image recon-
struction and ultrasound image formation (continued).

Mod. Task Dataset Scale Benchmark relevance
Task I / SO%BXRGCOH 330 volunteers; A multi-contrast, multi-view,
Task III 200/60/70 split multi-coil cardiac MRI k-space

(Wang et al. benchmark covering cine,

2025) mapping, tagging, flow, and
dark-blood acquisitions with
multiple undersampling patterns.

Task I / M4Raw (Lyu 183 healthy A low-field 0.3T multi-channel
Task IT et al. 2023) volunteers; brain MRI raw k-space dataset
>1,000 released with T1lw, T2w, and FLAIR
volumes after  repetitions for denoising,
quality control averaging, and parallel-imaging
reconstruction.
PET Task II  UDPET (Xue 1,447 whole- A whole-body ultra-low-dose
et al. 2025) body '8 F-FDG PET recovery benchmark
PET subjects  providing low-statistics PET
images at multiple dose-reduction
factors aligned with full-dose
PET images.
Task I ~ PETRIC Approximately A PET rapid image

(da Costa-Luis 13 phantom reconstruction challenge dataset

et al. 2026) datasets with phantom list-mode files,
attenuation-correction files,
normalization/calibration files,
vendor reconstructions, and VOIs
for PET reconstruction
benchmarking.

Task I / PICMUS 4 core phantom A canonical plane-wave
US Task III (Liebgott et al. datasets plus ultrasound image-formation
2016) in-vivo carotid benchmark providing RF/IQ data
acquisitions from 75 steered plane waves for
coherent compounding and
beamforming reconstruction.
Task I / CUBDL (Hyun 576 ultrasound A large open ultrasound
Task III et al. 2021) acquisition channel-data benchmark
sequences containing simulated, phantom,
and in-vivo acquisitions for
deep-learning-based beamforming
and image formation.
Task III Wysocki et al. / Synthetic liver A B-mode ultrasound novel-view

Ultra-NeRF
(Wysocki et al.
2024)

sweeps and
tracked
spine-phantom
sweeps

and volumetric representation
dataset for learning view-
dependent US image synthesis
from overlapping sweeps.

Continued on next page
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Table 3: Representative public datasets for radiological image recon-
struction and ultrasound image formation (continued).

Mod. Task Dataset Scale Benchmark relevance

PET / Taskl Monash 10 healthy An OpenNeuro simultaneous

MRI vis-fPET-fMRI  adults FDG-fPET/BOLD-fMRI dataset
(Jamadar et al. releasing unreconstructed PET
2021) list-mode source data,

normalization and
sinogram-related files, and
reconstructed PET images for
PET reconstruction pipeline

development.

Task I ~ Monash DaCRA 15 participants An OpenNeuro FDG-fPET/fMRI
fPET-fMRI dataset comparing bolus, infusion,
(Jamadar et al. and bolus-infusion protocols and
2022) releasing unreconstructed PET

list-mode data for offline dynamic
PET reconstruction.

SPECT TaskI Lu-177 2 patients A rare public human SPECT
CT DOTATATE scanned at 4 reconstruction dataset containing
Projection Data post-therapy Lu-177 SPECT projection data
(Brosch-Lenz time points and CT-based attenuation
et al. 2024; coefficient maps for quantitative
Kurkowska et al. SPECT reconstruction and
2025; Brosch- dosimetry.

Lenz et al. 2023;
Kurkowska et al.
2026; Uribe
et al. 2021)

3.2 Metrics

Evaluation metrics play a critical role in the study of medical image reconstruction
by providing standardized assessment, guiding algorithm optimization, and validating
clinical applicability. Scientifically sound and well-designed metrics enable an objec-
tive evaluation of reconstruction fidelity, detail preservation, and noise suppression,
ensuring the practical utility of models across different application scenarios(Erickson
and Kitamura 2021). Since different metrics focus on distinct aspects of image qual-
ity(Rainio et al. 2024), a single metric is often insufficient to comprehensively reflect
reconstruction performance. Therefore, a combination of multiple metrics is typically
required for a more thorough and reliable evaluation. This review summarizes the
commonly used metrics in 3D reconstruction for radiological image tasks, with the
results presented in Table 4.

The definitions of the symbols used in Table 4 are as follows: z; and y; represent the
pixel intensity values or feature vector components of the original and reconstructed
images respectively, and N denotes the total number of pixels. The means and vari-
ances of images x and y are represented by p, u, and o2, 05 respectively, and oy
is their covariance. And max(z) and min(z) represent the maximum and minimum
intensity values in the image. The constants C; and Cy are small positive stabiliz-
ing constants used in the SSIM calculation. In LPIPS, Fj(x) and Fj(y) represent the
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Table 4 Evaluation metrics for radiological image reconstruction

Metric

Formula or measurement

Primary use

Mean Squared Error
(MSE) |

Root Mean Squared
Error (RMSE) |

Normalized Root
Mean Square Error
(NRMSE) |

Peak Signal-to-Noise
Ratio (PSNR) 1

Structural Similarity
Index (SSIM) 1

Learned Perceptual
Image Patch
Similarity (LPIPS) |

Mean Absolute
Error (MAE) |

Feature Similarity
Index (FSIM) 1

Signal-to-Noise
Ratio (SNR) 1

Contrast-to-Noise
Ratio (CNR) 1

Cosine Similarity

(CS) 1
Computation Time
(Time) |
Rendering Speed
(Speed) 1

Model Parameters
(Para.) |

MSE = % 2N (2 — y;)?
RMSE =+MSE

VMSE

max(z)—min(z)

NRMSE =

2
PSNR = 10log;, 1)

SSIM(z,y) =
(2o pry+C1)(202y+C2)
2T T00 (021071 C)

LPIPS(z,y) =
Sywr - ||Fy(z) = Fi(y)lI3

N
MAE = 5 32,1 |wi — il

FSIM =
>ow,y PCm(2,y)-SL(2,y)-Sc(2,y)

>y PCm(z,y)
N 2

SNR =10logy) si==t s

i=1 (zi—yi)?

CNR = WR;B#B\

TRV

Measured in seconds

Frames per second (FPS)

Count of model parameters

Measures pixel-wise intensity
differences.

Square root of MSE.

Normalized MSE for different
intensity ranges.

Evaluates image quality
based on signal strength.

Measures structural similarity
between images. Ranges from
-1to 1

Measures perceptual
similarity based on deep
learning.

Measures absolute intensity
differences.

Evaluates perceptual quality
with structural information.

Measures signal clarity
relative to noise.

Evaluates contrast between
regions of interest.

Measures the cosine of the
angle between two image
feature vectors.

Evaluates computational
efficiency.

Measures the speed of
rendering in frames per
second.

Evaluates the complexity and
size of the model.

feature maps at layer [, and w; denotes the learned weight for each layer. FSIM is
computed based on phase congruency PC,,(x,y), a contrast-based feature, along with
luminance similarity Sz, (z,y) and contrast similarity Sc(z,y). For CNR, pg and pp
represent the mean intensities of the regions of interest (ROI) and background. op
denotes the standard deviation of the background intensity.

Table 4 presents a comprehensive set of evaluation metrics for medical image recon-
struction, categorized into pixel-wise error, signal and noise, perceptual similarity, and
computational performance metrics. Pixel-wise error metrics, such as MSE, RMSE,
NRMSE and MAE, quantify intensity differences between reconstructed and reference
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images. Signal and noise metrics, including PSNR, SNR and CNR, assess the clarity
and contrast of images relative to noise levels. Perceptual and structural similarity met-
rics, like SSIM, LPIPS, FSIM and CS, capture the high-level structural and perceptual
quality of images. Finally, computational performance metrics, such as Time, Speed
and Para. evaluate the efficiency and feasibility of the reconstruction method in prac-
tical applications. Together, these indicators provide a balanced assessment of image
quality, structural fidelity, and computational cost in medical image reconstruction.

For continuous representations, such as implicit fields and Gaussian primitives,
standard voxel-level metrics require the representation to be sampled back onto a
Cartesian grid before comparison with a reference volume. This resampling step can
introduce interpolation, discretization, and partial-volume effects, especially around
thin structures, edges, and small lesions. Therefore, PSNR, or SSIM measured on one
sampled grid may not fully reflect the fidelity of the underlying continuous represen-
tation. Future validation should report the sampling resolution, interpolation rule,
field-query strategy, and registration procedure, and should complement grid-based
metrics with representation-native tests. Examples include projection-domain consis-
tency and line-integral residuals against measured sinograms or k-space constraints,
continuous-domain Ly or gradient error estimated by Monte Carlo coordinate sam-
pling, total-variation or smoothness discrepancy over queried coordinates, analytic
phantoms with known sub-voxel structures, and resolution-response analysis around
small lesions. These tests can help determine whether a continuous representation
is faithful to the imaging measurements rather than only visually plausible after
discretized sampling.

4 Discrete grid representations

Among explicit representations, the most widely used form in radiological image recon-
struction is the discrete grid representation. In this family, the target radiological
image is directly stored on sampled spatial grids, and the reconstruction model predicts
intensities on pixels, slices, or voxels. Let Q C R? denote the imaging domain, and let
A(r) denote the target signal at spatial location r € Q. A general grid representation
can be written as

M
Ax) & Y wmdm(r), (1)

where ¢,,(r) are grid-aligned indicator basis functions and x,, are explicitly stored
coefficients. In this sense, both slice-based and volume-based methods are explicit grid
representations, differing mainly in whether the grid is processed plane-wise or jointly
in 3D.

Compared with implicit representations, grid representations are intuitive, easy to
implement, and naturally compatible with existing imaging pipelines. For this reason,
they were initially the dominant form in Al-assisted radiological image reconstruction.
This representation is widely applied in CT, MRI, PET and SPECT imaging, with
potential for multi-modality applications. More details are shown in Table 5.
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Table 5: Representative methods under the Discrete grid represen-
tations family. Slice-wise, Multi-plane, and Volume correspond to the

representations introduced in Section 4.

Rep.

Mod.

Paper

Year

Detail

Slice-wise

CT

CTTR (Shi et al.
2022)

2022

A dual-domain transformer for
sparse-view CT reconstruction.
It restores sinogram and
image-domain information
while the final reconstruction
remains an explicit CT grid.

DuDoTrans (Wang
et al. 2022)

2022

A dual-domain transformer that
restores sparse-view sinograms
and reconstructs CT images by
combining projection-domain
and image-domain information.

CoreDiff (Gao et al.
2023)

2023

A diffusion-based low-dose CT
reconstruction method that uses
a mean-preserving degradation
process and image-domain
restoration to suppress noise
and preserve texture.

MRI

Du et al. (Du et al.
2020)

2020

A residual CNN-based
super-resolution method for
anisotropic 3D MRI. Although
the task targets 3D MRI, the
network processes grid samples
and outputs rasterized image
slices.

VarNet (Sriram et al.
2020)

2020

An end-to-end variational
network for accelerated MRI
reconstruction. It became a
strong fastMRI baseline and
reconstructs images on explicit
sampled grids.

PCNN (Shen et al.
2021)

2021

A perceptual complex neural
network for undersampled
non-Cartesian cine MRI
reconstruction, using complex
convolutions and perceptual
loss on discrete image grids.

SLATER (Korkmaz
et al. 2022b,a)

2022

An unsupervised adversarial
transformer-based MRI
reconstruction method that
learns an image prior and
performs zero-shot
reconstruction on sampled
image grids.

Chung and Ye
(Chung and Ye 2022)

2022

A score-based diffusion model
for accelerated MRI
reconstruction that samples
from the measurement-
conditioned image distribution
while reconstructing explicit
MR image grids.
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CT/MRI MambaMIR (Huang
et al. 2025)

2025

A Mamba-based medical
reconstruction framework with
arbitrary masking and
uncertainty estimation, applied
to fast MRI and sparse-view
CT reconstruction.

CT/MRI

/PET Restore-RWKV

(Yang et al. 2024)

2024

A medical image restoration
model based on recurrent WKV
attention and omnidirectional
token shift. It handles CT,
MRI, and PET restoration on
discrete image grids.

Multi-plane

Corona-Figueroa et
al. (Corona-Figueroa
et al. 2024)

2024

A method that repeats and
concatenates 2D X-ray views
into a 3D volume representation
and uses neural optimal
transport to retain cross-view
information.

MRI MADGAN (Han

et al. 2021)

2021

A GAN-driven method that uses
multiple adjacent brain MRI
slices to improve reconstruction
and anomaly detection, making
it more naturally a slice-stack
grid representation.

Volume

HDNet (Hu et al.
2020)

CcT

2020

A hybrid-domain neural
network for sparse-view
cone-beam CT reconstruction,
combining projection and
image-domain information in a
volumetric grid output.

ScoutCT-NET
(Montoya et al. 2022)

2022

A deep learning method that
reconstructs 3D tomographic
attenuation patient models
from two CT scout views for
patient-specific dose
modulation.

TRCT-GAN (Wang
et al. 2023)

2023

A transformer-enhanced GAN
for reconstructing 3D CT
volumes from biplane X-ray
images, using 2D and 3D
attention modules for
volumetric grid recovery.

Shin et al. (Shin et al.

2023)

2023

A deep-image-prior-based
framework for reconstructing
high-quality synchrotron X-ray
CT volumes of intact lungs
under motion-corrupted
acquisition.

C?RV (Lin et al.
2024)

2024

A cross-regional and cross-view
learning framework for
sparse-view CBCT
reconstruction, using multi-scale
volumetric representation and
cross-view attention.
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Geometry-aware
attenuation learning
(Liu et al. 2024)

2024

A sparse-view CBCT
reconstruction method that
encodes multi-view projections,
back-projects features into 3D
space, and decodes a voxel
volume.

DCT-Net (Zhang
et al. 2025)

2025

A dual-branch CT
reconstruction network from
orthogonal X-rays, combining
diffusion-based augmentation
and perceptual contrastive
learning for volumetric CT
recovery.

MRI

CINENet (Kiistner
et al. 2020)

2020

A 4D deep reconstruction
framework for isotropic 3D cine
MRI from single breath-hold
acquisitions, reconstructing
volumetric image sequences.

Shaul et al. (Shaul
et al. 2020)

2020

A GAN-based undersampled
MRI reconstruction framework
combining U-Net and
adversarial learning to recover
high-quality grid-based MRI
volumes.

FDB (Mirza et al.
2026)

2026

A Fourier-constrained diffusion
bridge for MRI reconstruction
that learns a degradation-aware
transformation from
undersampled to fully sampled
image grids.

PET

DirectPET (Whiteley
et al. 2020)

2020

An end-to-end PET
reconstruction method with a
Radon inversion layer, designed
for fast reconstruction from
projection data to image grids.

Xie et al. (Xie et al.
2021)

2021

A supervised co-learning CNN
framework that extracts PET
and CT features and integrates
them into constrained PET
reconstruction to improve lesion
contrast.

MEaTransGAN
(Wang et al. 2024)

2024

A 3D multi-modality
Transformer-GAN that
reconstructs standard-dose PET
from low-dose PET and
T1-weighted MRI.

Singh et al. (Singh
et al. 2024)

2024

A fully 3D PET reconstruction
framework using score-based
generative models and PET-
specific sampling to improve
robustness and image quality.
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Cycle-DCN (Hou 2025 A cycle-constrained adversarial

et al. 2025) denoising CNN for 3D low-dose
PET image denoising, validated
on large datasets with reader
study and real low-dose data.
The method operates on
discrete volumetric PET images
rather than continuous or
primitive-based representations.

DDPET-3D (Xie 2026 A dose-aware diffusion model

et al. 2026) for 3D low-dose PET denoising
that generates consistent
volumetric PET images across
varying dose levels and
improves image quality in
ultra-low-dose settings.

SPECT SPECTnet (Shao 2021 A deep learning method for
et al. 2021) direct SPECT reconstruction
from projection data to
high-resolution activity images.

CT/MRI DiffusionMBIR 2023 A method combining pretrained
(Chung et al. 2023) 2D diffusion priors with
model-based iterative
reconstruction for sparse-view
CT, limited-angle CT, and
compressed sensing MRI.

4.1 Slice-wise raster representation

The slice-wise raster representation reconstructs a 3D image as an ordered stack of
2D slices:

X={x®yr,,  x®crHW (2)

which is equivalent to a 3D tensor X € R¥XWXD hyt is processed one slice at a time.

The slice-based method reconstructs images in a single direction, with early deep
learning approaches relying on CNN-based U-Net (Ronneberger et al. 2015) archi-
tectures. Du et al. (Du et al. 2020) introduced a CNN model with residual learning
and skip connections, effectively addressing gradient vanishing and achieving superior
PSNR and SSIM compared to traditional methods. Their model also enabled multi-
modality super-resolution by reconstructing T2-weighted MRI from T1-weighted MRI
training. With the rise of ViTs in computer vision (Dosovitskiy et al. 2020), Shi et al.
proposed CTTR (Shi et al. 2022), a Transformer-based sparse-view CT reconstruc-
tion method that reduces artifacts and detail loss. CTTR outperformed CNN-based
methods in PSNR and SSIM under extremely sparse-view conditions.

Mamba (Gu and Dao 2023), a state-space model for efficient sequence process-
ing, has recently gained attention. Building on this, MambaMIR, (Huang et al. 2025)
adapts Mamba for medical image reconstruction, leveraging its linear complexity,
global receptive fields, and dynamic weighting. It introduces an Arbitrary-Masked
Mechanism, enhancing its suitability for medical imaging, and incorporates Monte
Carlo-based uncertainty estimation. Experiments show that MambaMIR achieves
SOTA or superior performance in Fast MRI and Sparse-View CT tasks, effectively
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handling long-sequence data while optimizing computational efficiency for large-scale
medical image reconstruction.

Although Mamba has unidirectionality issues, making it difficult to model both
global and local dependencies in 2D images efficiently, newer sequence models pro-
vide alternative solutions. The Receptance Weighted Key Value (RWKV) model (Peng
et al. 2023) introduced WKV attention, enabling long-range dependencies while main-
taining linear computational complexity. Restore-RWKV (Yang et al. 2024) is the first
RWKYV-based medical image restoration model, and incorporates a Token Shift layer to
enhance local feature capture. It is designed to address high computational complexity
and insufficient global information capture in high-resolution medical imaging.

The main advantage of slice-wise raster reconstruction lies in its versatility and
low memory burden, as the model can be adapted to different imaging modalities
with relatively simple implementation. However, such methods overlook longitudinal
continuity, often leading to inter-slice inconsistency, staircase artifacts, or structural
discontinuity across the reconstructed 3D volume.

4.2 Multi-plane and slice-stack raster representation

A practical extension of the slice-wise paradigm is to reconstruct multiple adjacent
slices jointly or to fuse information from multiple anatomical planes, such as axial,
coronal, and sagittal views. In this case, the target is still represented explicitly on
sampled planes, but the effective local support becomes larger:

Xigeal = {X*=9) . x®) xRty (3)

This form remains a grid representation because the reconstructed signal is still stored
on discrete sampled planes rather than being defined as a continuous coordinate
function.

Compared with purely slice-wise processing, multi-plane and slice-stack represen-
tations partially recover 3D spatial continuity while retaining lower computational
cost than full 3D reconstruction. Conceptually, they should not be regarded as an
independent ontological representation category, but as an intermediate granularity
within explicit grid reconstruction.

Representative examples have appeared in both slice-stack and cross-view fusion
settings. For instance, MADGAN jointly exploits multiple adjacent brain MRI slices
to improve reconstruction quality and anomaly detection, making it more naturally
a slice-stack grid representation rather than a purely slice-wise raster formulation
Han et al. (2021). Although these methods incorporate richer inter-slice or inter-view
context than conventional 2D reconstruction models, their outputs are still defined on
discrete sampled planes or stacked grids, and therefore remain within the family of
explicit grid representations.
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4.3 Volumetric grid representation

Later, volume-based reconstruction methods emerged. Unlike slice-based approaches,
volumetric grid representations jointly reconstruct the entire 3D image:

XERHXWXD, (4)

or equivalently,

H W D
~ Z Z lejk ¢z]k (5)

i=1 j=1k=1

where ¢9(r) denotes the indicator basis of voxel (7, j, k). This representation is appli-
cable to all three-dimensional imaging modalities, including CT, MRI, PET, SPECT
and multi-modality. More details are shown in Table 5.

Volume-based representations describe 3D structures using numerous small vol-
umetric elements (Hohne et al. 1992; Chen et al. 2012). This approach enables
high-fidelity, detail-rich radiology image reconstruction through direct processing of
volumetric data. In medical applications, this approach precisely captures complex
anatomical structures within the human body.

Although volume-based reconstruction has employed UNet networks for genera-
tion, this section focuses on more advanced generative models. GANs train through
an adversarial process between a generator and a discriminator (Goodfellow et al.
2014), allowing the generator to produce high-quality data that matches the real data
distribution.

In radiology image reconstruction, Shaul et al. (Shaul et al. 2020) proposed a
GAN-based undersampled MRI reconstruction method that accelerates MRI acquisi-
tion while maintaining anatomical image quality. They optimized reconstruction with
fidelity loss, image-quality loss, and adversarial loss, generating more realistic and
natural MRI images. Experiments demonstrated that this method can reconstruct
high-quality brain MRI with fivefold acceleration.

Similarly, X2CT-GAN (Ying et al. 2019) leverages GANs to reconstruct 3D CT
images from biplanar X-rays, reducing radiation exposure and the high costs of tra-
ditional CT scans. By incorporating a feature fusion module to integrate information
from different views, the method enhances reconstruction quality. Experiments showed
a 4dB improvement in PSNR and superior SSIM performance compared to CNN-based
methods.

Despite GANSs’ effectiveness, they suffer from mode collapse and unstable training
(Kushwaha et al. 2020). Diffusion models (Sohl-Dickstein et al. 2015; Ho et al. 2020;
Song et al. 2020; Rombach et al. 2022), optimized via Markov chains and variational
inference, stabilize the generation process by progressively adding noise and learning
the denoising process, achieving broader coverage of the real data distribution.

Chung et al. introduced DiffusionMBIR, (Chung et al. 2023), which combines pre-
trained 2D diffusion models with model-based iterative reconstruction for sparse-view
CT, limited-angle CT, and compressed sensing MRI. By integrating a 2D diffu-
sion prior with 3D total variation regularization, the approach significantly improves
3D reconstruction quality. Experimental results show that DiffusionMBIR maintains
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high-quality reconstruction even with extreme data sparsity, such as two-view CT
reconstruction, outperforming existing diffusion and deep learning methods in PSNR
and SSIM.

In the PET domain, Gong et al. (Gong et al. 2024) proposed a denoising diffusion
probabilistic model (DDPM)-based method for PET image denoising. By progres-
sively adding noise and iteratively denoising during the reverse process, this approach
achieves high-quality PET image reconstruction. Results indicate that DDPM outper-
forms traditional methods such as non-local means (NLM), UNet, and GANs in both
PSNR and SSIM.

Due to its ability to explicitly represent 3D information with high accuracy (Stull
et al. 2014; Zheng 2010), the volumetric grid representation is widely adopted. How-
ever, its computational complexity poses challenges for real-time imaging (Xu and
Mueller 2007; Engel et al. 2004). Future research will continue striving for fast and
accurate volumetric grid reconstruction.

5 Explicit basis expansion representations

Beyond grid representation, many radiological image reconstruction methods can be
described more generally through basis expansion. In this formulation, the target
image is represented by a finite set of coefficients over predefined basis functions:

M
A = 3 (), (6)

where ¢, (r) denotes the m-th basis function and «,, is its corresponding coefficient.
As long as the reconstruction target is parameterized by a finite-dimensional coefficient
vector, the representation remains explicit.

Under this view, grid-based reconstruction can be regarded as a special case of basis
expansion, in which the basis functions are voxel indicators on a regular sampling lat-
tice. However, explicit basis expansion representations are broader than regular grids,
because they also include smoother local bases and transformed coefficient models.
Their common feature is that the reconstructed image is still encoded by a finite set of
coefficients rather than by a continuous coordinate-query function. This representation
was widely applied in PET imaging. More details are shown in Table 6.

Table 6: Representative methods under the Explicit basis expansion
representations family. Local basis and Kernel coeff. correspond to the
representations introduced in Section 5.

Rep. Mod. Paper Year Detail
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Local basis

PET

Mandeville et al.
(Mandeville et al. 2024)

2024

A recent PET study using
B-spline basis functions for
voxel-wise partial volume
correction, showing that
local basis representations
remain relevant in
reconstruction-related
medical imaging problems.

Kernel coeff.

PET

Gong et al. (Gong et al.

2021)

2021

A direct parametric PET
reconstruction method
combining nonlocal deep
image prior, a kernel
matrix layer, and
kinetic-model convolution.
The reconstructed object
remains a finite
coefficient-based image.

Li et al. (Li and Wang
2022)

2022

A PET reconstruction
framework that connects
kernel representation with
learnable deep mappings,
improving dynamic PET
reconstruction over
empirical kernel
construction.

Neural KEM (Li et al.
2022)

2023

A kernel expectation-
maximization method with
a deep coefficient prior,
designed to improve low-
count PET reconstruction
while retaining explicit
coefficient-space
representation.

Guo et al. (Guo et al.
2023)

2023

A PET reconstruction
method that jointly
regularizes image space
and kernel space to reduce
mismatch between
anatomical priors and PET
tracer distributions.

Deidda et al. (Deidda
et al. 2023)

2023

A multimodal kernel-based
reconstruction framework
incorporating SPECT,
PET, and CT side
information, showing that
kernel coefficient ideas
extend beyond PET-only
reconstruction.

SPECT

Deidda et al. (Deidda
et al. 2022)

2022

A hybrid kernelised
expectation-maximisation
method for Bremsstrahlung
SPECT reconstruction,
improving image resolution
and noise properties with
CT guidance.
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5.1 Local basis representations

A natural extension of grid representation is to replace voxel indicators with smoother
local basis functions:

M
Alr) = Z WP (1), (7)

where each ¢,,(r) has local spatial support but is not restricted to a hard voxel
indicator. Compared with regular grid elements, such bases provide smoother spatial
transitions and a more compact description of local image structure.

A representative example is the Kaiser-Bessel basis, commonly referred to as the
blob basis (Lewitt 1990, 1992; Defrise et al. 2005). Blob functions are radially sym-
metric local bases with finite support and have long been studied as an alternative
to conventional voxel indicators in tomographic reconstruction. Compared with voxel
elements, they better model spatial continuity and often improve the trade-off between
resolution and noise, although the overlap between neighboring bases makes projection
and backprojection more computationally demanding (Defrise et al. 2005).

Early work by Lewitt established generalized Kaiser-Bessel window functions and
explicitly highlighted alternatives to voxels in iterative reconstruction. Later PET
studies further demonstrated their practical value. For example, Cabello et al. used
spherical basis functions on a polar grid for 3D PET reconstruction (Cabello et al.
2012), while Leemans et al. evaluated blob-based time-of-flight PET reconstruction in
hybrid brain PET /MR imaging (Leemans et al. 2015). Related local-basis formulations
have also been explored in CT, including optimized Kaiser-Bessel window functions for
tomographic discretization (Nilchian et al. 2015). Therefore, local basis representations
can be regarded as a general explicit strategy for tomographic reconstruction, although
their practical adoption has been most visible in PET and related emission imaging
systems. From a representation perspective, the unknown remains a finite coefficient
vector, so the model is still explicit.

5.2 Kernel coefficient representations

Another important form of explicit basis expansion is to reconstruct the image through
an intermediate coefficient space:

x = Ka, (8)

where x is the reconstructed image, K is a predefined or learned kernel matrix, and a
is the coefficient vector to be estimated. In this formulation, the reconstruction target
is generated from a finite set of coefficients through a linear mapping, rather than
being predicted directly in image space.

This representation remains explicit because the unknown is still finite-
dimensional. A representative milestone is the PET kernel method proposed by Wang
and Qi, which models the PET image through kernel-induced coefficient expansion
instead of direct voxel-wise estimation (Wang and Qi 2014). This idea was later
extended to anatomically aided PET reconstruction, where MRI-derived structural
information is used to construct kernel features for PET recovery (Hutchcroft et al.
2016).
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Kernel coefficient representations have also been applied to dynamic and para-
metric PET. For example, direct Patlak reconstruction with MRI-informed kernels
estimates parametric images directly from dynamic PET data (Gong et al. 2017),
while spatiotemporal kernel reconstruction further incorporates temporal correlations
to improve high-temporal-resolution dynamic PET reconstruction (Wang 2018). More
recent studies combine kernel representations with neural networks, including nonlocal
deep image prior, deep kernel representation, Neural KEM, and kernel-space compos-
ite regularization (Gong et al. 2021; Li et al. 2022; Li and Wang 2022; Guo et al. 2023).
Although these methods may involve learned modules, the reconstructed target is still
encoded by a finite coefficient vector or coefficient image, and therefore remains an
explicit basis expansion representation rather than an implicit neural field.

6 Explicit primitive representations

Different from grid representations and basis expansion representations, primitive rep-
resentations reconstruct the target image by a finite set of explicitly parameterized
local elements. In this formulation, the image is not described on a uniform sampling
lattice, but is approximated by adaptive primitives with learnable parameters:

K
)\(I‘) ~ Zz/;k(r; @k), (9)

k=1

where 9, denotes the k-th primitive and ©j denotes its explicit parameters. Since all
primitive parameters are directly stored and optimized, this representation remains
explicit.

Compared with regular grids, primitive representations provide adaptive spatial
support and can be more efficient in rendering and optimization. In radiological image
reconstruction, the most representative primitive forms include Gaussian primitives
and simplex mesh primitives. Among these representations, Gaussian-based methods
are widely applied in CT and expanding to MRI and US, showing multimodal poten-
tial. In contrast, simplex mesh-based methods have received less attention. See Table
7 for details.

Table 7: Representative methods under the Explicit primitive rep-
resentations family. Gaussian and Simplex mesh correspond to the
representations introduced in Section 6.

Rep. Mod. Paper Year Detail
DIF-Gaussian (Lin 2024 A Gaussian-based sparse-view
et al. 2024) CBCT reconstruction method

that learns 3D Gaussian
features and optimizes them
for extremely sparse

CT projection settings.

Gaussian
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R2-Gaussian (Zha
et al. 2024)

2024

A radiative Gaussian
splatting framework for
tomographic reconstruction,
designed to reduce integration
bias and improve sparse-view
reconstruction quality.

GaSpCT (Nikolakakis
et al. 2024)

2024

A Gaussian splatting
framework for CT projection
view synthesis from limited
projections, improving
efficiency compared with
dense voxel and NeRF-style
representations.

DDGS-CT (Gao et al.
2024)

2024

A direction-disentangled
Gaussian splatting method for
realistic CT volume
rendering, decomposing
radiosity into isotropic and
directional components.

X-Gaussian (Cai et al.

2025)

2025

A radiative Gaussian
splatting method for efficient
X-ray novel-view synthesis,
eliminating view dependency
and improving training and
inference speed.

X-GRM (Liu et al.
2025)

2025

A large Gaussian
reconstruction model that
decodes sparse-view X-rays
into a voxel-based Gaussian
representation for
feed-forward CT
reconstruction.

3DGR-CT (Li et al.
2025)

2025

A sparse-view CT
reconstruction method that
initializes Gaussian primitives
from FBP and updates them
adaptively during
self-supervised reconstruction.

DGR (Wu et al. 2025)

2025

A discretized Gaussian
representation for
tomographic reconstruction
that adapts Gaussian
primitives to CT
reconstruction with
discretized projection and
image formation.

Fu et al. (Fu et al.
2025)

2025

A 4D-CBCT reconstruction
method that combines
Gaussian primitives with
deformation modeling to
represent respiratory motion
and dynamic anatomy.
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X2-Gaussian (Yu et al.

2025)

2025

A continuous-time 4D CT
reconstruction framework
that integrates dynamic
radiative Gaussian splatting
with self-supervised
respiratory motion learning.

MRI

CauGD2-Net (Hou
et al. 2025)

2025

A causality-driven dual-
domain MRI reconstruction
network enhanced by
Gaussian-splatting-inspired
spatial modeling to reduce
artifacts and improve
consistency.

3DGSMR (Peng et al.
2025)

2025

A 3D MRI reconstruction
framework from
undersampled k-space that
represents the target MR
volume with explicit 3D
Gaussian primitives.

M-Gaussian (Zheng
et al. 2026)

2026

A magnetic Gaussian
framework for slice-to-volume
MRI reconstruction that
adapts 3D Gaussian primitives
to efficient multi-stack MRI
reconstruction.

PET

GR-Diffusion (Geng
et al. 2026)

2026

A whole-body PET
reconstruction framework
that combines explicit 3D
Gaussian representation with
diffusion-based refinement to
improve global consistency
and local detail recovery.

US

UltraGauss (Eid et al.
2025)

2025

An ultrasound-specific
Gaussian splatting framework
for fast 3D ultrasound volume
reconstruction, modeling
probe-plane intersections to
better match acoustic image
formation.

UltraGS (Yang et al.
2025)

2025

A depth-aware Gaussian
splatting framework for
ultrasound novel view
synthesis, incorporating
ultrasound-specific rendering
effects such as attenuation,
reflection, and scattering.

UltraG-Ray (Duelmer
et al. 2026)

2026

A physics-based ultrasound
rendering method built on a
learnable 3D Gaussian field,
designed for realistic
novel-view B-mode synthesis.
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ISrigrslﬁlex PET Lesonen et al. 2024 A PET reconstruction
(Lesonen et al. 2024) method using anatomy-guided
multi-resolution triangular
meshes to achieve a favorable
balance between accuracy and
computational cost.

6.1 Gaussian primitive representation

Gaussian primitive representation has recently become an increasingly important
explicit representation family for radiological image reconstruction. Inspired by 3D
Gaussian splatting (3DGS) (Kerbl et al. 2023), these methods represent the tar-
get anatomy or imaging volume using a finite set of learnable Gaussian primitives
rather than a dense voxel grid or a purely implicit coordinate network. As summa-
rized in Table 7, recent Gaussian-based reconstruction methods have expanded from
sparse-view CT and CBCT reconstruction to MRI reconstruction, whole-body PET
reconstruction, and ultrasound volume reconstruction or novel-view synthesis (Lin
et al. 2024; Zha et al. 2024; Cai et al. 2025; Hou et al. 2025; Peng et al. 2025; Geng
et al. 2026; Eid et al. 2025).
Mathematically, a Gaussian primitive representation can be written as

K
Alr) ~ Zwk G(rs; py, Xie), (10)

k=1

where wy, denotes the primitive weight or density coefficient, pt;, denotes the center, and
¥k, denotes the covariance matrix of the k-th Gaussian primitive. Compared with reg-
ular voxel grids, Gaussian primitives provide adaptive and anisotropic local support.
They can concentrate representational capacity around informative structures while
avoiding uniform discretization of the entire reconstruction domain. Since the recon-
structed object is explicitly stored as a finite set of optimized Gaussian elements, this
family remains an explicit primitive representation even when differentiable rendering
or neural optimization is used.

In CT reconstruction, Gaussian representations have been explored mainly for
sparse-view and projection-based reconstruction. DIF-Gaussian learns 3D Gaussian
features for sparse-view CBCT reconstruction (Lin et al. 2024), while R2-Gaussian
introduces radiative Gaussian splatting to reduce integration bias in tomographic
reconstruction (Zha et al. 2024). Other methods further improve the representation
and rendering process. For example, GaSpCT uses Gaussian splatting for CT pro-
jection view synthesis from limited projections (Nikolakakis et al. 2024), DDGS-CT
decomposes radiosity into isotropic and directional components for more realistic CT
volume rendering (Gao et al. 2024), and X-Gaussian removes view dependency for effi-
cient X-ray novel-view synthesis (Cai et al. 2025). More recent works such as X-GRM,
3DGR-CT, and dynamic Gaussian representations further investigate feed-forward
reconstruction, FBP-initialized self-supervised optimization, and 4D-CBCT motion
modeling (Liu et al. 2025; Li et al. 2025; Fu et al. 2025).
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Beyond CT, Gaussian primitive representations have also been adopted in other
imaging modalities. In MRI, CauGD2-Net introduces Gaussian-splatting-inspired spa-
tial modeling into a causality-driven dual-domain reconstruction network (Hou et al.
2025), 3DGSMR represents undersampled 3D MRI volumes with explicit Gaussian
primitives (Peng et al. 2025), and M-Gaussian adapts magnetic 3D Gaussians to
slice-to-volume MRI reconstruction (Zheng et al. 2026). In PET, GR-Diffusion com-
bines explicit 3D Gaussian representation with diffusion refinement for whole-body
PET reconstruction (Geng et al. 2026). In ultrasound, UltraGauss applies ultrasound-
specific Gaussian splatting to fast 3D ultrasound volume reconstruction, while UltraGS
and UltraG-Ray extend Gaussian-based representations to ultrasound novel-view syn-
thesis and physics-based rendering (Eid et al. 2025; Yang et al. 2025; Duelmer et al.
2026).

Although many Gaussian-based methods borrow ideas from neural radiance fields
or differentiable rendering, such as ray integration, view synthesis, and rendering-based
supervision, their representation type is still different from implicit neural representa-
tions. The key distinction is that the reconstructed object is parameterized by explicit
geometric primitives with learnable locations, covariances, and densities. This dis-
tinction also affects clinical risk. Gaussian primitives can allocate more capacity to
high-gradient regions than a uniform voxel grid, but this adaptivity does not by itself
guarantee preservation of microcalcifications, tiny nodules, vessel-wall irregularities, or
other localized high-frequency findings. The recoverability of such details is limited by
primitive covariance, effective spatial support, basis bandwidth, sampling geometry,
regularization strength, and the frequency bias of the optimizer or neural components.
If Gaussian covariances become too broad, or if the objective emphasizes global image
similarity or smooth radiance consistency, small diagnostic structures may be treated
as noise and merged into broader primitives. For clinical use, primitive-based recon-
struction should therefore include local structure-aware constraints, upper bounds on
Gaussian covariance, small-support or multi-scale high-frequency primitives, lesion-
aware losses, uncertainty estimates, and lesion-level validation rather than relying only
on global PSNR or SSIM.

6.2 Simplex mesh representations

Simplex mesh representations are another form of explicit primitive representation,
where the reconstruction domain is partitioned into irregular geometric cells such as
triangles in two dimensions or tetrahedra in three dimensions. Instead of assigning
values to a regular Cartesian voxel grid, the reconstructed object is represented over
an adaptive mesh:

M=V,E0), (11)

where V denotes the vertices, £ denotes the edges, and C denotes the simplex cells.
The reconstructed signal can then be described as

K
Ar) & ) Y(r; O), (12)
k=1
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where each primitive corresponds to a simplex cell together with its geometric
parameters and associated nodal or cell-wise values.

The main advantage of simplex mesh representations is their ability to allocate
spatial resolution non-uniformly. This is useful when anatomical boundaries, lesions, or
activity changes are spatially localized, because the mesh can be refined in important
regions while remaining coarse elsewhere. A recent example is the anatomy-guided
multi-resolution PET reconstruction method of Lesonen et al., which uses triangular
meshes to balance reconstruction accuracy and computational cost (Lesonen et al.
2024). This illustrates how mesh primitives can serve as an alternative to regular voxels
when adaptive spatial discretization is desirable.

Compared with Gaussian primitives, simplex mesh representations are less common
in recent Al-based radiological reconstruction. One reason is that irregular meshes
require more specialized projection, interpolation, and optimization operators than
regular voxel grids or Gaussian splatting pipelines.

7 Implicit neural representations

Unlike explicit representations that directly store signal values on grids, coefficients,
or primitives, implicit neural representations model the target radiological image as
a continuous coordinate-dependent function (Molaei et al. 2023). Let 2 C R? denote
the imaging domain, and let A(r) denote the signal value at spatial location r € 2. In
implicit reconstruction, the target image is parameterized as

Ao Q2 — R, r— /\9(1‘), (13)

where 6 denotes the learnable parameters of the neural field. Once the model is
optimized, the reconstructed image at any required resolution can be obtained by
evaluating Ag(r) on the corresponding sampling coordinates.

Given the measurement y and the imaging forward operator A, the reconstruction
process can be written as

0* = arg meinD(A[Ag],y) +R(6), (14)

where D denotes the data fidelity term and R denotes the regularization term. Com-
pared with explicit representations, implicit neural representation avoids direct pixel or
voxel storage and provides a continuous description of the target signal. This continu-
ous formulation creates a validation issue that is often under-discussed: most reported
image-quality metrics are computed only after evaluating the field on a discrete Carte-
sian grid. The selected sampling density, interpolation convention, and alignment with
the reference grid can change apparent PSNR, SSIM, boundary sharpness, and partial-
volume behavior. Consequently, objective validation of INR methods should report
both the continuous formulation and the discretization protocol used for evaluation.
In radiological imaging, current implicit methods can be more consistently divided
into coordinate-based intensity field representations and radiance field representations.
These representations are widely used in CT, MRI, PET, and US, as detailed in Table
8.
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Table 8: Representative methods under the Implicit neural repre-
sentations family. Coord. field and Radiance field correspond to the
representations introduced in Section 7.

Rep.

Mod.

Paper

Year

Detail

Coord. field

CT

Reed et al. (Reed
et al. 2021)

2021

An early medical INR method
that reconstructs dynamic CT
from limited views by
combining a continuous
neural field with parametric
motion fields.

NAF (Zha et al. 2022)

2022

A neural attenuation field
method for sparse-view
CBCT reconstruction,
representing attenuation
coefficients as a continuous
function of 3D coordinates.

DIF-Net (Lin et al.
2023)

2023

A deep intensity field method
for extremely sparse-view
CBCT reconstruction,
learning a continuous
coordinate-to-intensity
representation from sparse
projections.

PINER (Song et al.
2023)

2023

A prior-informed implicit
neural representation method
for test-time adaptation in
sparse-view CT
reconstruction.

FACT (Shin et al.
2025)

2025

A fast sparse-view CBCT
reconstruction method using a
meta-learned neural
attenuation field and
hash-encoding regularization.

DiffNR (Su et al. 2026)

2026

A diffusion-enhanced neural
representation optimization
framework for sparse-view 3D
tomographic reconstruction,
combining neural
representations with a
slice-level diffusion prior.

MRI

IMJENSE (Feng et al.
2023)

2023

A scan-specific INR
framework for parallel MRI
that jointly represents the
image and coil sensitivity
maps as continuous functions.

NeSVoR (Xu et al.
2023)

2023

An implicit neural
representation method for
slice-to-volume MRI
reconstruction, recovering
continuous fetal or neonatal
MRI volumes from
motion-corrupted slices.
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Spatiotemporal INR,
for dynamic MRI
(Feng et al. 2025)

2025

A dynamic MRI
reconstruction method that
models the target sequence as
a spatiotemporal coordinate
field without requiring
external training labels.

PET

IMREPET (Fan et al.
2025)

2025

An unsupervised dynamic
PET reconstruction method
that parameterizes PET
activity as a continuous
spatiotemporal implicit neural
representation.

Us

ImplicitVol (Yeung
et al. 2021)

2021

A sensorless 3D ultrasound
reconstruction method using
deep implicit representation to
learn a coordinate-to-intensity
ultrasound volume.

CT/MRI

NeRP (Shen et al.
2022)

2022

A prior-embedded INR,
framework that maps spatial
coordinates to image intensity
values and uses prior images
to improve sparse CT and
MRI reconstruction.

Radiance
field

cT

MedNeRF
(Corona-Figueroa
et al. 2022)

2022

A medical neural radiance
field framework that
reconstructs 3D-aware CT
projections from single-view
or few-view X-rays.

ACNeRF (Sun et al.
2024)

2024

A medical NeRF method that
improves single-view X-ray
reconstruction by introducing
alignment and pose correction
for more accurate novel-view
synthesis.

UMedNeRF (Hu et al.
2024)

2024

An uncertainty-aware medical
NeRF method for single-view
volumetric rendering and CT
projection synthesis.

VolumeNeRF (Liu and
Bai 2024)

2024

A CT volume reconstruction
method from a single
projection view, integrating
anatomical priors, projection
attention, and Lambert—Beer
law-based rendering.

SAX-NeRF (Cai et al.
2024a)

2024

A structure-aware sparse-view
X-ray 3D reconstruction
method using radiance-field
modeling with local and
global ray sampling.

MRI

CuNeRF (Chen et al.
2023)

2023

A cube-based NeRF
framework for zero-shot
arbitrary-scale medical image
super-resolution and free-view
synthesis in CT and MRI.
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Brain MRI NeRF 2023 A NeRF-based method for

reconstruction (Iddrisu reconstructing 3D-aware brain
et al. 2023) MRI representations from 2D
MRI scans.
Ultra-NeRF (Wysocki 2024 A physics-aware ultrasound
Us et al. 2024) NeRF that models

attenuation, reflection, and
scattering to synthesize
view-dependent B-mode
images from tracked 2D
ultrasound scans.

UlRe-NeRF (Guo 2024 A 3D ultrasound neural

et al. 2024) rendering method that
incorporates ultrasound
reflection direction
parameterization for improved
view-dependent synthesis.

NeRF-US (Dagli et al. 2024 A neural radiance field

2024) framework designed to reduce
ultrasound imaging artifacts
and improve 3D ultrasound
reconstruction in real-world
settings.

7.1 Coordinate-based intensity field representations

The most direct form of INR maps spatial coordinates to intensity, attenuation, or
activity values:

Xo(r) = fo(7(r)), (15)
where 7(-) denotes an optional positional encoding. This formulation learns a con-
tinuous intensity field and is particularly suitable for sparse-view, limited-angle,
and low-dose reconstruction, where continuity priors can compensate for missing
measurements.

A practically important variant of this representation incorporates prior anatomical
or functional information into the field model. This can be achieved by conditioning
the implicit field on a prior embedding,

)\9(1‘) = f@ (I‘; Z), z = E(Iprior)7 (16)
or by initializing the model parameters from a prior image,
90 = \II(Iprior)a (17)

where Ipior denotes the prior image, and E(-) and U(-) denote prior encoding
functions.

Initially, this line of work appeared in PET imaging for reconstructing normal-dose
images from low-dose scans. Gong et al. integrated the deep image prior framework
with a nonlocal operation, using a kernel matrix layer for feature denoising and
embedding linear kinetic models as convolutional layers (Gong et al. 2021). Experi-
mental results demonstrated better performance compared with traditional methods
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and kernel-based approaches (Gong et al. 2021). This formulation improves parametric
image reconstruction by enhancing image quality and suppressing noise.

Subsequently, NeRP (Shen et al. 2022) extended this idea to multi-modality imag-
ing and established a representative coordinate-based INR framework for medical
image reconstruction. Unlike explicit methods, NeRP employs an MLP to directly map
spatial coordinates to intensity values, thereby learning a continuous representation
of the target image without explicit pixel storage. At the same time, it incorporates
prior image information into the neural representation, enabling the model to extract
structural cues and optimize the reconstruction process jointly with physical mea-
surements. NeRP achieved a PSNR of 39.06 dB and an SSIM of 0.986 using only 20
projections, outperforming methods such as FBP and GRFF (Shen et al. 2022).

Numerous subsequent studies (Shi et al. 2024; Liu et al. 2024) have shown that
this type of coordinate-based INR can produce high-quality radiological image recon-
struction, particularly in tasks involving low-dose to normal-dose recovery. However,
it also has clear limitations. Many prior-guided formulations require each subject to
have at least one normal-dose scan, which restricts practical applicability (Shen et al.
2022). In real-world scenarios, prior images may also be unavailable or poorly aligned
because of anatomical variation, patient motion, or scanner differences (Adlam et al.
2020). These factors limit the robustness of prior-guided coordinate-based INR in
routine clinical use.

7.2 Radiance field representations

Radiance field representation is a rendering-oriented subtype of INR. Instead of pre-
dicting only a scalar intensity field, it jointly models density and view-dependent
appearance:

Fy(r, d) = (O‘(I‘), C(I‘, d))7 (18>
where o(r) denotes density or attenuation-related quantity and c(r,d) denotes
the view-dependent signal associated with viewing direction d. The final image is
synthesized through differentiable volume rendering;:

I(n) = / T(t)o(r(t) c(r(t), d) dt, (19)

where r(t) parameterizes the ray corresponding to detector coordinate u and T'(t)
denotes the accumulated transmittance.

Neural Radiance Fields have emerged as a powerful technique for 3D reconstruction
and rendering. Unlike traditional methods that depend on discrete volume represen-
tations, NeRF offers enhanced performance in generating detailed medical images
(Mildenhall et al. 2021; Liu and Bai 2024), especially in CT-related tasks.

MedNeRF (Corona-Figueroa et al. 2022) was the first to apply NeRF to radi-
ological imaging. It employs self-supervised learning and extends the Generative
Radiance Field framework with a GAN architecture tailored to the medical domain.
This approach combines self-supervised learning and data augmentation to enhance
reconstruction fidelity from sparse data (Corona-Figueroa et al. 2022). Trained and
validated on digitally reconstructed radiographs, MedNeRF demonstrated promising
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rendering quality when reconstructing from single-view X-rays. However, its heavy
dependence on single-view input also leads to obvious artifacts, which limits clinical
applicability.

VolumeNeRF (Liu and Bai 2024) further improves this line by employing a 3D
encoder-decoder architecture to reconstruct CT volumes from 2D X-rays. It incorpo-
rates anatomical priors from likelihood and average CT images, introduces a projection
attention module to enhance spatial alignment, and uses Lambert—Beer law-based vol-
umetric rendering for additional supervision. This method improves reconstruction
quality and preserves anatomical edges and details more effectively.

When applied to ultrasound imaging, Ultra-NeRF (Wysocki et al. 2024) pro-
vides another representative example. It is an implicit neural representation model
for ultrasound imaging that synthesizes view-dependent B-mode images from multi-
ple 2D ultrasound scans. By incorporating physics-based rendering formulas and ray
tracing, Ultra-NeRF explicitly models attenuation, reflection, and scattering, thereby
capturing acoustic shadowing and occlusion effects that are difficult to represent with
conventional volumetric synthesis.

Following this, Chen et al. (Chen et al. 2023) introduced CuNeRF, a zero-shot
framework for CT and MRI reconstruction. It reconstructs high-resolution medical vol-
umes from low-resolution inputs without paired high-resolution data, using cubic grids
for sampling, isotropic volume rendering, and hierarchical adaptive sampling. CuNeRF
outperformed state-of-the-art methods while enabling free-viewpoint synthesis across
modalities.

Although radiance field representations have attracted widespread attention in
recent years, their computational complexity remains a major obstacle to clinical
deployment (Molaei et al. 2023). These methods usually require learning a neural field
for each signal individually, which results in substantial memory usage and long opti-
mization time, especially for high-dimensional medical volumes. In addition, under
sparse sampling conditions, radiance field reconstruction may still suffer from blurring
and structural distortion, which is particularly critical in medical imaging. A more
serious concern is the possibility of hallucinated anatomy: a radiance field can gener-
ate visually plausible but clinically incorrect structures when the projection data are
insufficient, the learned prior is overconfident, or the rendering model is mismatched to
the acquisition physics. Uncertainty-aware variants such as UMedNeRF are therefore
important, but uncertainty estimates must be calibrated against clinically meaningful
endpoints and not only against pixel-level residuals.

8 Discussions and Challenges

8.1 Comparison of Representation Families

Building upon the above discussion, we organize Al-based 3D reconstruction in radio-
logical imaging into four representation families: discrete grid representations, explicit
basis expansion representations, explicit primitive representations, and implicit neural
representations. These families differ not only in reconstruction quality and computa-
tional efficiency, but also in adaptability, simplicity, and interpretability. To keep the
comparison fully consistent with the taxonomy used throughout this review, Table 10
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summarizes these four representation families. For reference, traditional iterative
reconstruction is also included as a non-Al baseline.

We evaluate these paradigms according to five criteria: effectiveness (Effctv.),
efficiency (Effcy.), adaptability (Adapt.), simplicity (Simpl.), and interpretabil-
ity (Intrpt.). The numerical entries in Table 10 are used only as ordinal qualitative
anchors for synthesis, not as pooled performance scores, statistical rankings, or a
quantitative meta-analysis, because the reported studies differ substantially in imag-
ing modality, anatomy, acquisition protocol, sparsity level, and evaluation metrics.
Anchor 1 indicates relatively weak support for a criterion, Anchor 3 indicates moderate
or task-dependent support, and Anchor 5 indicates relatively strong support within
the scope of the reviewed literature. These anchors were placed by jointly considering
the representative methods summarized in Sections 4—7, their reported image quality
and computational characteristics, and the representation-level properties discussed
throughout this review. To improve transparency, the qualitative anchor guide used
for Table 10 is summarized in Table 9.

As shown in Table 10, traditional iterative reconstruction remains the most inter-
pretable paradigm because its formulation is directly linked to imaging physics,
statistical assumptions, and optimization objectives. However, its efficiency is often
limited by repeated forward and backward projection operations, and its effectiveness
under highly sparse, low-dose, or noisy conditions is usually task-dependent.

Among Al-based methods, discrete grid representations remain the most intuitive
and adaptable solution, because they are naturally compatible with conventional med-
ical imaging pipelines and can be implemented with relatively simple architectures.
They generally achieve strong reconstruction performance in CT, MRI, PET, and
SPECT tasks while maintaining favorable efficiency and ease of deployment. However,
their fixed sampling structure may limit fine spatial continuity, especially in slice-wise
settings.

Explicit basis expansion representations provide a broader explicit mathemati-
cal framework than regular grids. By representing the target image through basis
coefficients, they can better capture smooth local image structure while retaining a rel-
atively interpretable coefficient-based form. Nevertheless, their practical performance
depends strongly on the selected basis functions, kernel design, and conditioning of
the imaging operator, which leads to moderate qualitative anchors in effectiveness,
efficiency, and simplicity.

Explicit primitive representations, especially Gaussian primitive methods, achieve
a favorable balance between reconstruction quality and rendering efficiency. Their
adaptive spatial support makes them attractive for sparse-view reconstruction, view
synthesis, and real-time rendering scenarios. However, compared with grid-based meth-
ods, they usually require more specialized initialization, rendering, and optimization
strategies, which reduces their simplicity and limits their adaptability across tasks.

Implicit neural representations provide the strongest ability to model continuous
structures and often achieve high reconstruction quality under sparse-view or low-dose
settings. However, they are generally more difficult to optimize and interpret than
explicit representations. In particular, radiance field methods, as a rendering-oriented
subtype of implicit neural representation, usually involve higher computational cost,
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Table 9 Qualitative guide for the ordinal anchors in Table 10. Anchors 2 and 4 indicate intermediate
levels between neighboring anchors and should not be interpreted as statistical performance ranks.

Criterion Anchor 1 Anchor 3 Anchor 5
Effectiveness Limited reconstruction Competitive Consistently strong
fidelity under performance in reconstruction quality
challenging settings; standard settings, but in challenging settings,
prone to artifacts, quality may degrade with good
noise amplification, or under severe preservation of
loss of anatomical sparse-view, low-dose, anatomical structure,
structure. undersampled, or spatial continuity, and
cross-domain clinically relevant
conditions. details.
Efficiency High computational Moderate Fast reconstruction or
cost, slow optimization computational cost; rendering, good
or rendering, or large  feasible for offline parallelization, and
memory consumption reconstruction but still relatively low memory
that limits practical limited for real-time or or parameter burden,
deployment. large-scale clinical use. supporting practical
deployment.
Adaptability Narrowly designed for  Applicable to several  Broadly compatible
specific imaging related tasks or with multiple imaging
geometries, modalities, modalities, but usually modalities,
or acquisition requires task-specific reconstruction tasks,
conditions; requires tuning, priors, or and clinical pipelines
substantial redesign acquisition-dependent ~ with limited
when transferred. modifications. representation-level
modification.
Simplicity Complex Moderate Straightforward
parameterization, implementation formulation and
multi-stage complexity; some implementation; easy
optimization, task- specialized operators, integration with
specific initialization, priors, or training conventional image
or difficult strategies are required. reconstruction or post-
implementation. processing pipelines.
Interpretability Representation Partially interpretable; Highly traceable

parameters are
abstract and difficult
to connect with
physical imaging
models or anatomical
meaning.

some components
correspond to images,
coordinates, bases, or
primitives, but the
learned mapping
remains partly opaque.

formulation, with
parameters or update
steps closely related to
physical models, image
grids, coefficients, or
explicit reconstruction
operations.

whereas coordinate-based intensity field methods are relatively simpler but still less
transparent than explicit formulations.

Overall, explicit methods are generally easier to integrate into existing medical
imaging workflows and are often more efficient at inference time, whereas implicit
methods are more flexible in modeling continuous structures and complex priors. At
the same time, nearly all Al-based reconstruction approaches still face interpretability
challenges when compared with traditional iterative reconstruction.
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Table 10 Comparison of the four representation families for radiological image reconstruction.
Traditional iterative reconstruction is included only as a reference baseline.

Method / Family Effctv. Effcy. Adapt. Simpl. Intrpt.
Traditional iterative reconstruction 3 2 4 3 5
(reference)

Discrete grid representation
Explicit basis expansion representation

Explicit primitive representation

TR W
NSOt W
W W ks w
NN W Ot
NOW R W

Implicit neural representation

8.2 Imaging Quality Assessment

As Al-driven radiological reconstruction evolves from discrete grid representations in
Section 4 and explicit basis expansion representations in Section 5 to explicit primitive
representations in Section 6 and implicit neural representations in Section 7, commonly
used image quality metrics such as PSNR and SSIM continue to improve (Wang et al.
2004). However, medical image quality assessment must go beyond computational
benchmarks and consider clinical relevance (Chow and Paramesran 2016), includ-
ing artifact severity (Wuest et al. 2015), registration accuracy (Ketcha et al. 2017),
anatomical fidelity, and downstream diagnostic utility (Yang et al. 2023). Therefore,
clinician evaluation remains indispensable for complementing quantitative metrics.

In the natural image domain, numerous studies have shown that combining Image
Quality Assessment (IQA) (Athar and Wang 2019) with Image Quality Metrics (IQM)
(Ahumada 1993) provides a more effective means of evaluating perceptual qual-
ity. This strategy has been widely adopted in restoration tasks such as deblurring
(da Silva Junior et al. 2023) and low-light enhancement (Kandula et al. 2023; Li et al.
2024). Similar efforts have also appeared in medical imaging (Kastryulin et al. 2023;
Lévéque et al. 2021; Mirza et al. 2023). For radiological reconstruction, future eval-
uation protocols should therefore combine pixel-level fidelity, perceptual similarity,
structural consistency, physical plausibility, and reader studies, rather than relying on
a single metric.

At the same time, the adoption of more diverse and task-aware evaluation crite-
ria can further improve the reliability of reconstruction assessment. For radiological
reconstruction, future benchmarks should place greater emphasis on clinical usability,
anatomical consistency, and downstream diagnostic value. This is especially impor-
tant for implicit and primitive-based representations, because their apparent image
quality may depend on how a continuous or adaptive representation is sampled for
metric calculation. A clinically grounded protocol should specify the evaluation grid,
report lesion-level sensitivity for small structures, compare uncertainty maps with
reconstruction errors, and include reader studies or downstream tasks when possible.
For continuous representations, grid-based image metrics should be complemented by
representation-native checks such as projection-domain residuals, line-integral consis-
tency, Monte Carlo coordinate sampling of continuous-domain errors, and analytic
phantom tests that contain known sub-voxel structures.
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8.3 Efficiency and Effectiveness

Early CNN-based reconstruction methods enabled fast but relatively basic image
recovery in discrete grid representations. In contrast, more advanced models such
as diffusion-based volumetric methods and implicit neural representations often face
a pronounced trade-off between reconstruction quality and computational speed.
Explicit primitive representations, especially Gaussian-based methods, partly allevi-
ate this issue by combining adaptive local modeling with efficient parallel rendering.
However, jointly achieving high reconstruction fidelity, low latency, and low compu-
tational cost remains a central challenge in medical image reconstruction (Zhou et al.
2021; Prevedello et al. 2019).

Transfer learning has been widely adopted to reduce training time and compu-
tational cost by pretraining models on large-scale datasets and fine-tuning them for
specific tasks (Zhuang et al. 2020). In the medical domain, it has proven effective
in classification (Kim et al. 2022), segmentation (Karimi et al. 2021), and related
tasks (Raghu et al. 2019). The emergence of the Segment Anything Model (Kirillov
et al. 2023) has further shown that large pretrained models can be adapted to med-
ical imaging through fine-tuning (Ma et al. 2024). However, unlike classification and
segmentation, radiological reconstruction is tightly coupled with imaging physics and
acquisition geometry, which makes direct reuse of generic pretrained models more dif-
ficult (Zhang and An 2017; Knoll et al. 2019). Imaging-specific priors therefore remain
essential.

Edge computing is another promising strategy, because it moves computationally
intensive tasks to edge devices or cloud platforms and enables distributed processing
(Chen and Ran 2019). This strategy has already been explored in radiological image
reconstruction and computer-aided detection (Isosalo et al. 2023; Zhang et al. 2021,
2025). Meanwhile, although low-dose and sparse-view reconstruction reduce acqui-
sition burden, the computational cost of large AI models has become increasingly
prominent. To reduce this cost, lightweight end-to-end architectures and knowledge
distillation have attracted growing attention (Gou et al. 2021). In reconstruction-
related medical tasks, distillation has shown potential for reducing inference cost while
preserving performance (Zhou et al. 2024; Wu and Li 2024).

Recent work in adjacent imaging domains also illustrates the importance
of deployment-oriented model design. Direction-aware and physics-inspired image
restoration networks have been explored for efficient reconstruction-like imaging sys-
tems (Sultan et al. 2026), while compact cross-attention fusion designs have been
used to improve few-shot medical image generation under limited-data conditions
(Hayat et al. 2025). Although these studies are not direct radiological reconstruction
benchmarks, they support the broader trend toward efficient, context-aware architec-
tures that can be adapted to reconstruction pipelines with strict latency and data
constraints.

8.4 Privacy Protection

Given the sensitivity of medical imaging data, privacy-preserving Al-based reconstruc-
tion is of critical importance (Williamson and Prybutok 2024). A first line of work
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focuses on reconstruction strategies that reduce or avoid reliance on large centralized
training datasets. Examples include unsupervised models based on Gaussian mixture
modeling (Li et al. 2022), unbiased risk estimation (Aggarwal et al. 2022), or 3DGS-
based architectures (Cai et al. 2024b, 2025). Since these methods can operate without
direct access to large collections of patient data, they offer a promising path toward
stronger privacy protection (Dike et al. 2018).

Federated learning provides another important solution by training models on
decentralized data sources without moving sensitive patient data across institutions
(Guan et al. 2024). This idea has already been applied to MRI reconstruction and has
shown performance close to that of multi-institutional centralized training (Feng et al.
2022; Elmas et al. 2022). In addition, domain adaptation (Guan and Liu 2021; Han
et al. 2018), domain generalization (Yoon et al. 2024), and test-time training (Zhao
et al. 2024; He et al. 2021) can reduce dependence on direct access to private clinical
datasets by improving robustness across imaging domains.

Further protection can be achieved through differential privacy, which constrains
the leakage of individual data points during model training (Ziller et al. 2021).
Homomorphic encryption enables computation on encrypted medical data with-
out direct disclosure of sensitive information (Yang et al. 2019; Dutil et al. 2021).
Blockchain-based secure data sharing has also been explored for transparent and
privacy-preserving medical data exchange (Xi et al. 2022; Shen et al. 2019). These tech-
niques suggest that future radiological reconstruction systems should jointly consider
image quality, computational efficiency, data availability, and privacy protection.

8.5 Model Interpretability

The limited transparency of complex Al-based reconstruction models remains a major
obstacle to clinical trust and adoption (Eke and Shuib 2024). To improve interpretabil-
ity, recent studies attempt to decompose reconstruction into more traceable steps or
to align learning modules with physically meaningful operations (Salahuddin et al.
2022). Existing strategies can generally be divided into ante-hoc interpretability (Li
et al. 2018) and post-hoc interpretability (Selvaraju et al. 2017; Sundararajan et al.
2017).

In radiological image reconstruction, Zhang et al. proposed DUN-SA by unfold-
ing iterative optimization stages into network modules with clear physical meanings
(Zhang et al. 2025). This design improves interpretability and addresses the lack of
explainability in deep learning-based multimodal MRI reconstruction. More broadly,
explicit representations are often easier to interpret because their parameters are
directly associated with grids, coeflicients, or primitives, whereas implicit neural fields
tend to be more abstract and harder to explain. Improving interpretability will there-
fore be essential for the safe and effective clinical deployment of Al-based radiological
reconstruction.
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8.6 Clinical Translation and Regulatory Barriers

Clinical deployment requires more than visually plausible reconstruction. Al-based
reconstruction can change noise texture, suppress rare findings, or generate anatom-
ically plausible but incorrect structures, and these errors may not be captured by
global similarity metrics. Therefore, translation should be supported by multi-reader
studies, pathology- or follow-up-confirmed endpoints where possible, cross-scanner and
cross-institution validation, and failure-mode analysis under low-dose, sparse-view,
motion-corrupted, and out-of-distribution conditions.

Regulatory evaluation also depends on the intended clinical use. A reconstruc-
tion model used only for visualization may require different evidence from a model
that supports diagnosis, treatment planning, quantitative PET/SPECT dosimetry, or
interventional guidance. Key evidence includes traceable training and validation data,
locked preprocessing and reconstruction protocols, calibration of uncertainty or con-
fidence outputs, robustness to acquisition-parameter shifts, cybersecurity and privacy
controls, and post-deployment monitoring. These requirements are particularly chal-
lenging for generative, implicit, and primitive-based models because their outputs may
be influenced by learned priors in ways that are not directly visible to clinicians.

8.7 Future Research Directions

The above challenges indicate several important directions for future research. A cen-
tral priority is to integrate representation design more tightly with imaging physics.
Existing explicit and implicit representations each have distinct advantages. Discrete
grid representations and explicit basis expansion representations are compatible with
conventional reconstruction pipelines, explicit primitive representations provide effi-
cient adaptive modeling, and implicit neural representations offer continuous signal
modeling. A promising direction is to develop hybrid representations that combine
these strengths while incorporating physically accurate forward models, acquisition
geometry, uncertainty estimation, and modality-specific constraints.

Clinically meaningful evaluation protocols are equally important. Current studies
often report PSNR, SSIM, or related image-level metrics, but these metrics do not fully
reflect diagnostic reliability. Future benchmarks should include standardized multi-
center datasets, realistic low-dose or sparse-view protocols, task-aware quantitative
metrics, reader studies, and downstream clinical tasks such as lesion detection, seg-
mentation, registration, treatment planning, or disease classification. Such evaluation
would make comparisons across representation families more rigorous and clinically
relevant.

Another important direction is the development of efficient and deployable recon-
struction models. Although large generative models and implicit neural representations
can improve reconstruction quality, their computational burden may restrict clini-
cal use. Future work should explore lightweight architectures, knowledge distillation,
hardware-aware optimization, edge-cloud collaboration, and fast differentiable ren-
dering. These strategies are especially important for time-sensitive scenarios such as
interventional imaging, dynamic imaging, and real-time ultrasound or cone-beam CT
reconstruction.
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Generalizable and privacy-preserving learning also remains essential. Medical
imaging data are heterogeneous across scanners, institutions, protocols, and patient
populations, while direct data sharing is often restricted. Future reconstruction sys-
tems should combine self-supervised or unsupervised learning, domain adaptation,
domain generalization, test-time adaptation, federated learning, differential privacy,
and secure computation. This direction is critical for building robust models that can
perform reliably across clinical environments without compromising patient privacy.

Finally, interpretability, reliability, and uncertainty awareness should be incorpo-
rated into reconstruction pipelines. For clinical deployment, models should not only
produce visually plausible images but also provide traceable reconstruction mech-
anisms, confidence estimates, and failure warnings. Physics-guided network design,
unfolded optimization, interpretable primitive parameters, uncertainty quantification,
and causal analysis may help clinicians understand when Al-generated reconstructions
can be trusted.

Taken together, future progress in Al-based 3D radiological reconstruction will
likely depend on the coordinated development of representation learning, imaging
physics, efficient computation, privacy-preserving training, and clinically grounded
validation.

9 Conclusion

Artificial intelligence has profoundly advanced 3D reconstruction for radiological imag-
ing across CT, MRI, PET, SPECT, and ultrasound. In recent years, the field has
gradually evolved from an architecture-centered perspective toward a representation-
centered understanding of reconstruction methods.

In this review, we organized existing studies into four representation families:
discrete grid representations, explicit basis expansion representations, explicit prim-
itive representations, and implicit neural representations. This taxonomy provides a
clearer view of how reconstruction targets are parameterized in modern radiological
imaging. In particular, Gaussian-based methods belong to explicit primitive repre-
sentations, while radiance field methods should be regarded as a subtype of implicit
neural representation rather than an independent top-level category.

Based on this perspective, we summarized representative methods, benchmark
datasets, evaluation metrics, and the main challenges in the field. Our analysis suggests
that no single representation family is universally optimal. Discrete grid representa-
tions remain strong in simplicity and adaptability, basis expansion representations
provide a broader explicit mathematical framework, primitive representations offer
efficient adaptive modeling, and implicit neural representations are advantageous for
continuous high-fidelity modeling.

Overall, future progress in Al-based radiological reconstruction will depend on
better integration of representation design with imaging physics, more clinically mean-
ingful evaluation, higher computational efficiency, stronger privacy protection, and
improved interpretability. We expect that continued advances along these directions
will further promote the development of low-cost, high-quality, and clinically practical
radiological image reconstruction systems.
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