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ABSTRACT: Deep learning has become increasingly important in magnetic resonance imaging (MRI)-based com-
puter vision, but its application to three-dimensional MRI is still shaped by a basic methodological decision: how
volumetric data are represented before model training. A 3D MRI scan may be processed as independent 2D slices,
adjacent-slice 2.5D inputs, full 3D volumes, local patches, regions of interest, or multi-view representations. These
choices influence spatial-context modeling, computational cost, annotation requirements, architectural design, and
task suitability. This review provides a paradigm-oriented overview of recent 3D MRI-based computer vision studies,
focusing on the relationships among datasets, input representations, downstream tasks, and evaluation practices. A
PRISMA-style literature search was conducted in the Web of Science Core Collection for studies published from 2021
to 2026. After task-oriented screening and manual eligibility assessment, 178 studies were included. The reviewed
literature was organized according to major publicly available dataset families, including BraTS, ADNI, OASIS, IXI,
HCP, ATLAS, MSD Brain Tumor, OAI, fastMRI, and MIRIAD; input paradigms, including 2D, 2.5D, full 3D, and multi-
view designs; and downstream tasks, including detection or diagnosis, segmentation, reconstruction or restoration,
and super-resolution. The review indicates that full 3D modeling remains the dominant strategy in volumetric MRI
analysis, particularly for segmentation and reconstruction-related applications. However, 2D, 2.5D, and multi-view
strategies remain valuable when data, annotations, computational resources, or deployment conditions are limited.
Future research should move toward task-adaptive representation, dynamic view selection, lesion-oriented sampling,
transparent preprocessing, stronger external validation, and clinically interpretable evaluation. By shifting the focus
from individual network architectures to data representation choices, this review provides a reproducible framework
for understanding methodological trade-offs and selecting task-appropriate input paradigms for 3D MRI-based
computer vision.
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1 Introduction
Magnetic resonance imaging (MRI) is now deeply embedded in clinical diagnosis, treatment planning,

disease monitoring, and biomedical research. Its value comes from several imaging characteristics that are
difficult to obtain simultaneously with many other modalities: high soft-tissue contrast, flexible sequence
design, and volumetric imaging without ionizing radiation. These advantages make MRI especially useful in
brain imaging, musculoskeletal assessment, and oncological evaluation [1–4]. For computer vision research,
three-dimensional MRI (3D MRI) is particularly important because it records anatomy as a continuous
volume rather than as isolated two-dimensional views. By preserving inter-slice continuity, 3D MRI provides
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spatial information about tissue morphology, lesion extension, structural deformation, and relationships
among neighboring anatomical structures. This volumetric nature makes it a valuable data source for
computer vision models designed to analyze medical images in spatial context [5].

With the rapid development of deep learning, computer vision techniques have been widely introduced
into MRI analysis. Convolutional neural networks (CNNs), U-Net-like architectures, vision transformers,
graph-based models, generative adversarial networks, diffusion models, and self-supervised learning frame-
works have been applied to various MRI-related tasks, including classification, segmentation, detection,
localization, registration, reconstruction, restoration and super-resolution [6]. These methods have substan-
tially improved the automation and accuracy of many medical image analysis pipelines. For example, deep
learning-based segmentation models have enabled voxel-level delineation of brain tumors, cardiac chambers,
and abdominal organs [7–9]; classification models have been used for disease diagnosis, tumor grading,
treatment response prediction, and neurodegenerative disease recognition [10–12]; reconstruction and
restoration models have accelerated MRI acquisition and improved image quality [13–15]; and registration
models have supported longitudinal analysis, atlas construction, and multimodal alignment [16,17].

Although deep learning has expanded the range of MRI-based image analysis, 3D MRI still poses prob-
lems that differ from those encountered in natural images or many two-dimensional medical imaging tasks.
A volumetric MRI scan should not be treated simply as a stack of unrelated slices. It represents anatomical
structures in three dimensions and is shaped by factors such as anisotropic resolution, variable slice thickness,
scanner-dependent contrast, sequence-specific intensity patterns, and site-specific acquisition protocols.
These properties are informative because they preserve inter-slice continuity, spatial context, and three-
dimensional morphology. At the same time, they make model development more demanding. Direct 3D
modeling often requires large memory, considerable computation, careful preprocessing, and sufficiently
annotated training data, all of which may be constrained in clinical datasets [18].

Different input paradigms have therefore been used to organize 3D MRI before model training. As
illustrated in Fig. 1, the main strategies include 2D slice sequences, 2.5D slice sequences, full 3D volumes, and
multi-view or tri-planar inputs. In a 2D design, the volume is analyzed slice by slice. A full 3D design instead
processes the whole volume or local volumetric patches. The 2.5D strategy keeps the computational structure
close to 2D processing but incorporates neighboring slices to provide limited through-plane context. Multi-
view methods draw information from orthogonal anatomical planes and combine them at the feature
or decision level [19–21]. Each paradigm therefore reflects a different compromise among spatial-context
modeling, computational cost, data availability, and task suitability.

As also summarized in Fig. 1, 3D MRI supports a range of downstream computer vision tasks, including
image classification [22], object detection/localization [23], image segmentation [24], reconstruction [25],
and super-resolution [26]. These tasks differ in their dependence on volumetric context. Classification
models often use 2D, 2.5D or multi-view, inputs to improve efficiency and robustness, whereas segmentation,
reconstruction, and registration tasks usually benefit from patch-based or full 3D representations. Therefore,
the input paradigm is not only an implementation choice, but also a key design factor affecting model
architecture, computational efficiency, and clinical applicability.

Previous reviews have examined deep learning in MRI and medical image analysis from several
angles. Lundervold and Lundervold [6] discussed deep learning in MRI across acquisition, reconstruction,
segmentation, diagnosis, and clinical decision support, while Zhou et al. [27] reviewed wider developments in
medical imaging, including imaging characteristics, technical trends, representative applications, and future
challenges. Other reviews have focused on specific technical or clinical domains. Singh et al. [28] considered
3D deep learning for volumetric medical images across computed tomography (CT), MRI, and positron
emission tomography–computed tomography (PET/CT). Wang et al. [29] summarized deep learning-based
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medical image synthesis, including generation, translation, and reconstruction-related applications. Gan
et al. [30] reviewed medical image segmentation with attention to datasets, models, challenges, and possible
solutions. Dorfner et al. [4] provided a disease-centered review of MRI-based deep learning methods for
brain tumor analysis. More recently, Li et al. [19] compared 2D, 2.5D, and 3D neural network strategies for
3D medical image analysis, highlighting the influence of task settings, dataset properties, and computational
constraints on dimensionality selection.

Figure 1: Schematic overview of common input paradigms for 3D MRI analysis and representative downstream
computer vision tasks.

To clarify how these questions distinguish the present review from existing surveys, Table 1 compares
representative reviews according to their coverage of Q1–Q5. In this context, the present review aims to
provide a systematic overview of 3D MRI-based computer vision studies from the perspective of data
representation, downstream task formulation, and cross-task comparison. Rather than treating 3D MRI
merely as a generic data source for independent applications, we organize the literature around the relation-
ship between volumetric input paradigms, computer vision tasks, deep learning architecture, datasets, and
evaluation practices. Accordingly, this review is guided by the following research questions:
Q1: What publicly available datasets are commonly used in 3D MRI-based computer vision studies?
Q2: What input paradigms are commonly used to organize 3D MRI data for deep learning models?
Q3: How are different input paradigms matched with downstream computer vision tasks?
Q4: What are the representative downstream tasks and application scenarios in 3D MRI analysis?
Q5: What evaluation metrics and benchmarking practices are used across different tasks?

The main contributions of this review are summarized as follows. First, we provide a structured
taxonomy of 3D MRI-based computer vision studies by jointly considering datasets, input paradigms,
downstream tasks, model choices, and evaluation metrics. Second, we systematically analyze the major input
paradigms used for 3D MRI and discuss their advantages, limitations, and task suitability. Third, we review
representative downstream computer vision tasks in 3D MRI analysis, with attention to the relationship
between task demands and data representation. Fourth, we summarize publicly available 3D MRI datasets
and discuss how dataset characteristics influence model design and benchmarking reliability. Fifth, following
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a PRISMA-style literature search and screening process, this review collected studies from the Web of
Science Core Collection up to May 14, 2026, identified 461 initial records, refined them to 387 task-relevant
records using downstream task keywords, and finally included 178 studies after manual screening according
to predefined eligibility criteria. Finally, we provide a cross-task comparative discussion to highlight how
input paradigms, dataset properties, evaluation practices, and computational considerations jointly shape
the development of 3D MRI-based computer vision methods.

Table 1: Comparative analysis of representative surveys and the present 3D MRI review.

Article Reviewed up to Q1 Q2 Q3 Q4 Q5
Lundervold and Lundervold [6] 2019 △ △ × √ △

Zhou et al. [27] 2021 △ × × √ △
Singh et al. [28] 2020 △ △ △ √ △
Wang et al. [29] 2021 △ △ × △ √

Gan et al. [30] 2025
√ △ × △ √

Dorfner et al. [4] 2025
√ △ △ √ √

Li et al. [19] 2026 △ √ △ △ √

Ours -
√ √ √ √ √

Note:
√

indicates explicit and systematic coverage; △ indicates partial coverage; × indicates limited or no direct
coverage.

The remainder of this review is organized as follows. Section 2 presents the literature search and
study selection strategy. Section 3 summarizes publicly available datasets and application scenarios in
3D MRI analysis. Section 4 discusses major input paradigms for 3D MRI representation and compares
their technical characteristics. Section 5 reviews downstream computer vision tasks and representative
deep learning approaches. Section 6 discusses current challenges and future directions. Finally, Section 7
concludes the review.

2 Literature Search and Study Classification

2.1 Search Strategy and Screening Procedure
To establish a structured corpus of recent studies on computer vision methods for 3D MRI, we

conducted a literature search in the Web of Science Core Collection. The search was completed on May
14, 2026. The review was intentionally restricted to peer-reviewed journal articles indexed in the Web of
Science Core Collection. This scope was selected to construct a reproducible archival corpus with relatively
consistent bibliographic metadata and sufficiently detailed reporting of datasets, preprocessing procedures,
input representations, model designs, and evaluation protocols. Conference proceedings, preprints, reviews
and study protocols were not considered eligible for the final corpus.

The search strategy was designed to retrieve studies satisfying three conceptual conditions: the use of
3D or volumetric MRI data, the involvement of artificial intelligence or computer vision methods, and the
presence of clearly described data-processing or input-representation strategies.

The following topic search query was used:
TS = ((“3D MRI” OR “three-dimensional MRI” OR “volumetric MRI” OR “3D magnetic resonance

imaging” OR “volumetric magnetic resonance imaging” OR “multi-modal MRI” OR “multimodal MRI”)
AND (“deep learning” OR “machine learning” OR “artificial intelligence” OR “neural network” OR “con-
volutional neural network” OR CNN OR transformer OR “computer vision”) AND (“preprocess” OR “data
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processing” OR “input representation” OR “input strategy” OR “2.5D” OR “3D” OR “patch-based” OR
“slice-based” OR “multi-view”)) AND PY = (2021–2026).

The first group of terms identified studies involving 3D MRI, volumetric MRI, or multimodal MRI data.
The second group restricted the results to studies involving artificial intelligence, machine learning, deep
learning, neural networks, or computer vision. The third group was used to identify studies reporting data
preprocessing, input representation, or data-organization strategies, including 2.5D, full 3D, patch-based,
slice-based, and multi-view designs.

The search was restricted to peer-reviewed journal articles published between 2021 and 2026. Con-
ference proceedings, preprints, reviews, and retracted publications were outside the predefined scope of
the review. After applying the database-level publication-year and document-type filters, 461 records were
retrieved. The titles and abstracts of all retrieved records were then manually screened for preliminary
relevance. At this stage, 74 records were excluded. These records included studies that did not address an
eligible MRI-based computer vision task, retracted publications, study protocols, and review or overview
articles that remained in the retrieved results despite the database-level document-type filtering. After this
title-and-abstract screening stage, 387 records remained for detailed eligibility assessment.

The remaining 387 records were assessed in detail according to the predefined eligibility criteria. Four
inclusion criteria were applied. First, the study had to involve 3D MRI or volumetric MRI data rather than
exclusively two-dimensional MRI images without volumetric context. Second, the dataset used in the study
had to be publicly available. Third, the study had to address an explicit MRI-based computer vision task,
including classification or recognition, detection or localization, segmentation or parcellation, registration,
reconstruction or restoration, super-resolution, or another clearly defined image-based prediction task.
Fourth, the input representation or data-organization strategy had to be clearly specified, including 2D
slice-based, 2.5D, full 3D, patch-based volumetric, or multi-view designs.

Based on these criteria, 209 records were excluded during detailed eligibility assessment. Finally, 178
studies were included in this review. The screening and selection procedures were conducted in multiple
stages following PRISMA’s recommendations for systematic reviews [31]. The literature identification,
screening, eligibility assessment, and final inclusion process is summarized in Fig. 2. PRISMA checklists are
available in the Supplementary Material.

2.2 Classification Framework
After the final set of 178 studies was determined, each article was further reviewed and categorized

according to three dimensions: dataset family, input paradigm, and downstream computer vision task. This
classification framework was designed to provide a structured basis for the subsequent analysis of public
datasets, volumetric input strategies, network design patterns, and task-specific applications in 3D MRI-
based computer vision.

The first dimension was the dataset family. Major dataset families identified in the reviewed corpus
included Brain Tumor Segmentation (BraTS), Alzheimer’s Disease Neuroimaging Initiative (ADNI), Open
Access Series of Imaging Studies (OASIS), IXI, Osteoarthritis Initiative (OAI), fastMRI, Human Connectome
Project (HCP), Anatomical Tracings of Lesions After Stroke (ATLAS), Medical Segmentation Decathlon
(MSD) Brain Tumor, and Minimal Interval Resonance Imaging in Alzheimer’s Disease (MIRIAD). These
datasets cover different anatomical regions, disease contexts, and imaging objectives. In this review, dataset-
family annotation was used primarily to describe the methodological and application background of the
included studies, while more detailed dataset characteristics are discussed in Section 3.
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Figure 2: PRISMA-style flow diagram of literature identification, screening, eligibility assessment, and final inclusion.

The second dimension was the input paradigm. In this review, the main input paradigms were grouped
into four categories: 2D slice sequence, 2.5D slice sequence, full 3D volume, and multi-view or tri-planar
input. A 2D slice-sequence strategy processes volumetric MRI as a set or sequence of two-dimensional
slices. A 2.5D strategy incorporates adjacent slices or limited through-plane information to provide partial
volumetric context. A full 3D strategy directly processes the entire volume or volumetric subregions using
three-dimensional operations. A multi-view or tri-planar strategy integrates information from different
anatomical planes, usually axial, coronal, and sagittal views.

The third dimension was the downstream computer vision task. The reviewed studies were grouped into
four broad task categories: detection/diagnosis, segmentation, reconstruction, and super-resolution. Detec-
tion/diagnosis was used as an umbrella category for studies focusing on disease classification, abnormality
detection, lesion localization, clinical status prediction, or computer-aided diagnosis. Segmentation referred
to studies aiming to delineate anatomical structures, tissues, organs, tumors, or lesions. Reconstruction
included studies that recovered MRI images or volumes from undersampled, incomplete, corrupted, or
transformed acquisition data. Super-resolution referred to studies that enhanced spatial resolution or
generated high-resolution MRI representations from low-resolution inputs.
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When a study involved multiple input paradigms or downstream tasks, a primary or “dominant” setting
was assigned for the article-level classification. The dominant task was defined as the task corresponding to
the principal research objective, main experimental results, and primary conclusion. The dominant input
paradigm was determined from the representation actually received by the principal model in the main
experiment. For example, a study using volumetric patches processed by 3D operations was classified as
full 3D, while patch-based processing was retained as an implementation-level characteristic. Similarly, a
study combining segmentation with auxiliary classification was categorized as segmentation when lesion
delineation constituted the primary endpoint. Ambiguous cases were re-examined against the title, abstract,
methods, principal experimental tables, and conclusions before the final classification was assigned.

The dominant-setting classification was used to provide a concise article-level summary of the 178-study
corpus. It should be distinguished from the dataset–input–task flow records used for the Sankey analysis
in Section 2.3. In the Sankey analysis, one article could contribute multiple dataset-specific flow records when
the same principal method was evaluated on multiple publicly available datasets.

2.3 Overview of Dataset–Input–Task Relationships
To examine how datasets, input paradigms, and downstream tasks were associated across the included

literature, we constructed a set of literature-level dataset–input paradigm–task flow records. The unit of
analysis in this section was a flow record rather than a unique article. For each included study, the dominant
input paradigm and downstream task were determined according to the criteria described in Section 2.2,
whereas all publicly available datasets used to evaluate the principal method were retained. Consequently,
an article evaluated on multiple datasets could contribute more than one flow record, although its dominant
input paradigm and task remained unchanged.

Each flow record initially contained a specific dataset name or release, an input paradigm, and a
downstream task. Dataset versions belonging to the same benchmark family were subsequently consolidated
for visualization. For example, different BraTS releases were displayed under the BraTS family, and different
OASIS releases were displayed under the OASIS family.

To focus Fig. 3 on recurrent patterns, grouped dataset–input paradigm–task relations supported by only
one article were omitted from the visualization. After dataset-family consolidation and low-frequency rela-
tion filtering, 42 recurrent relation types were retained. These relation types comprised 265 literature-level
flow records. The value of 265 represents the total number of retained article–dataset relations connecting a
grouped dataset family, a dominant input paradigm, and a dominant downstream task. The complete list of
article-level relations used to construct the Sankey diagram is provided in the Supplementary Materials.

Fig. 3 shows that the retained relations were concentrated in a limited number of public benchmark
families. BraTS contributed 146 flow records and ADNI contributed 51, whereas OASIS, IXI, OAI, HCP,
fastMRI, ATLAS, MSD Brain Tumor, and MIRIAD occurred less frequently. The largest recurrent relation
was BraTS–Full 3D–Segmentation, followed by BraTS–Full 3D–Detection/Diagnosis. These patterns are
consistent with the volumetric nature of brain tumor analysis, in which lesion extent, subregion structure,
and spatial heterogeneity are commonly modeled in three dimensions. ADNI relations were concentrated
primarily in detection and diagnosis tasks and included full 3D, 2D slice-based, and multi-view representa-
tions, reflecting its frequent use in Alzheimer’s disease classification, mild cognitive impairment prediction,
and disease-stage modeling.
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Figure 3: Sankey diagram showing the grouped relationships among dataset families, input paradigms, and down-
stream computer vision tasks.

At the input-paradigm level, full 3D was the most frequent representation, accounting for 174 of the
265 retained flow records. Detection/diagnosis and segmentation formed the two largest downstream task
groups, whereas reconstruction and super-resolution appeared less frequently in the retained relations.
Overall, Fig. 3 indicates that recent 3D MRI computer vision research within the reviewed corpus has been
organized around several recurring combinations: brain MRI benchmarks, particularly BraTS and ADNI;
full 3D representations; and detection/diagnosis or segmentation tasks. The continued presence of 2D, 2.5D,
and multi-view relations also indicates that input-paradigm selection remains dependent on task require-
ments, dataset characteristics, annotation availability, and computational constraints. Publication years and
structured methodological information for all included studies are provided in the Supplementary Materials.

3 Dataset Families and Research Targets

3.1 Overview of Dataset Families by Anatomical Region and Research Objective
Compared with natural image benchmarks, MRI datasets are more closely tied to anatomical region,

disease context, acquisition protocol, imaging sequence, and annotation type. As a result, each dataset family
tends to support a particular set of methodological and clinical questions. BraTS and MSD Brain Tumor, for
example, are primarily used in multimodal brain tumor imaging [32–36]. ADNI, OASIS, and MIRIAD are
more closely linked to neurodegenerative disease, cognitive decline, and brain aging [37–41]. OAI represents
a musculoskeletal MRI cohort for knee osteoarthritis research [42–44], whereas fastMRI is designed mainly
for MRI reconstruction and image recovery rather than disease-centered image interpretation [45,46].

To provide a high-level overview, the major dataset families identified in this review were grouped
according to anatomical region and research objective. At this stage, dataset families are discussed at the
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family level rather than by individual release or version. For instance, different BraTS challenge releases are
collectively referred to as the BraTS family, and OASIS-1, OASIS-2, and OASIS-3 are summarized as the
OASIS family. This grouping strategy is useful for revealing the broader role of each dataset family before
introducing their version-specific details in subsequent subsections.

Fig. 4 illustrates the anatomy–dataset map of the major 3D MRI dataset families. The reviewed datasets
can be broadly divided into six categories: brain tumor datasets, stroke lesion datasets, neurodegeneration
and brain aging datasets, general brain structure and population imaging datasets, knee or musculoskeletal
MRI datasets, and MRI acquisition or image-restoration datasets. This organization highlights that the
reviewed literature is dominated by brain MRI resources, but also includes important non-brain and
reconstruction-oriented datasets.

Figure 4: Anatomy-dataset-map of major 3D MRI dataset families.

Brain tumor datasets, represented by the BraTS family and MSD Brain Tumor, typically contain
multimodal MRI scans of glioma or brain tumor cases. Stroke lesion imaging is mainly represented by
ATLAS. Unlike tumor datasets, ATLAS focuses on post-stroke lesion patterns and provides brain MRI
with lesion annotations. Neurodegeneration and brain aging datasets include ADNI, OASIS, and MIRIAD.
These datasets mainly contain structural brain MRI, often combined with clinical diagnosis, cognitive mea-
surements, demographic information, biomarker data, or longitudinal follow-up. General brain structure
and population imaging datasets, such as IXI and HCP, are less disease-specific. They primarily provide
structural or multimodal brain MRI from healthy or population-level cohorts. OAI represents a distinct
musculoskeletal MRI resource in the reviewed corpus. It focuses on knee osteoarthritis and includes knee
MRI together with clinical and imaging-related information. Finally, fastMRI differs from most other dataset
families because its primary focus is MRI acquisition and image restoration. Rather than being organized
around a specific disease label, fastMRI provides raw k-space data and reconstructed MRI images for
accelerated MRI reconstruction.

Preprocessing conditions also vary across these dataset families. Some public benchmarks provide
images that have already undergone steps such as registration, skull stripping, resampling, or intensity
standardization, whereas others retain data closer to their original acquisition form. These differences affect
the spatial and intensity information available to downstream models and may influence the suitability of
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different input paradigms. Because preprocessing is often inherited from the released dataset rather than
introduced as a separate methodological contribution, this review treats it as an upstream dataset condition
rather than an independent comparison dimension. Table 2 summarizes the major dataset families according
to anatomical region, research object, data content, and their roles in 3D MRI-based computer vision studies.

Table 2: Overview of major 3D MRI dataset families by anatomical region and research objective.

Research Object Dataset Research Focus Dataset Role in 3D MRI Studies

Brain tumor BraTS; MSD
Brain Tumor

Glioma and brain tumor
imaging

Standardized benchmark for tumor-region
analysis, volumetric lesion representation, and

multimodal MRI modeling

Stroke lesion ATLAS Stroke lesion
characterization

Lesion-oriented benchmark for evaluating
spatially precise abnormality delineation

Neurodegeneration
and brain aging

ADNI;
OASIS;

MIRIAD

Alzheimer’s disease, mild
cognitive impairment, and

brain aging

Clinical cohort resources for disease-status
modeling, progression analysis, and
longitudinal representation learning

General brain
structure and

population imaging
IXI; HCP

Normal brain anatomy,
population variability, and

connectome-related analysis

Reference datasets for anatomical
representation, population-level modeling,

preprocessing validation, and method
development

Knee/musculoskeletal
MRI OAI Knee osteoarthritis and

joint degeneration

Major non-brain MRI cohort supporting
musculoskeletal structure analysis and

disease-related modeling

MRI acquisition and
image restoration fastMRI Accelerated MRI and image

recovery

Reconstruction-oriented benchmark linking
computer vision methods to MRI acquisition

and image-quality enhancement

3.2 Brain Tumor Datasets
Brain tumor datasets represent one of the most mature and widely used dataset categories in 3D MRI-

based computer vision. The reviewed corpus contains two principal brain-tumor dataset families: BraTS
family and MSD Brain Tumor. These datasets are centered on glioma or brain tumor imaging and usually
provide multimodal brain MRI volumes together with tumor-region annotations.

The methodological importance of brain tumor datasets lies in three aspects. First, brain tumors are
inherently three-dimensional lesions with irregular morphology, heterogeneous intensity patterns, and vari-
able anatomical locations. This makes them particularly suitable for evaluating volumetric feature extraction
and spatial-context modeling. Second, multimodal MRI sequences provide complementary information
about tumor tissue composition.

Fig. 5 provides a representative example of multimodal brain tumor MRI data used in this review. The
example is selected from BraTS 2020 and illustrates the four commonly used MRI modalities, namely T1,
T1ce, T2, and FLAIR, together with tumor-region annotations. Although MSD Brain Tumor is also included
in this dataset category, it is not separately visualized here because the MSD Brain Tumor task was derived
from brain tumor segmentation data associated with the BraTS 2016 and BraTS 2017 challenges. Therefore,
it shares a similar multimodal MRI configuration and annotation setting with BraTS-style datasets.
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Figure 5: Representative examples of multimodal brain tumor MRI data and tumor-region annotations (BraTS 2020).

3.2.1 BraTS Family
The Brain Tumor Segmentation challenge, commonly known as BraTS, has become a benchmark family

for brain tumor segmentation in multimodal MRI. Since its early releases, BraTS has provided a standardized
platform for evaluating computational methods for glioma segmentation. The dataset family is mainly
composed of preoperative brain MRI scans from glioma patients, together with expert-annotated tumor
subregions [47–49]. In general, access to BraTS data is not fully open for direct download; researchers usually
need to apply for data access through the official BraTS Synapse portal, available at https://www.synapse.org/
brats, and obtain approval before downloading the datasets.

A typical BraTS case contains four MRI modalities: native T1-weighted, contrast-enhanced T1-weighted,
T2-weighted, and FLAIR images. Together, they provide complementary anatomical and tumor-related
information. BraTS is also widely used because of its detailed tumor annotations. The masks usually dis-
tinguish enhancing tumor, peritumoral edema, and necrotic or non-enhancing tumor core. For evaluation,
these labels are often combined into whole tumor, tumor core, and enhancing tumor regions. This structure
supports both overall lesion segmentation and more detailed subregion analysis. Across yearly releases,
BraTS has expanded in sample size, cohort diversity, and task design. Table 3 summarizes representative
BraTS releases frequently used in recent 3D MRI-based computer vision studies.

Table 3: Representative releases of the BraTS dataset family, including dataset scale and access information.

Dataset Task Training/Validation/Test
Cases Tumor Type Labels/Evaluation

Regions
BraTS
2018

Glioma segmentation;
survival prediction 285/66/191 HGG/LGG NCR/NET, ED, ET;

evaluated as WT, TC, ET

BraTS
2019

Glioma segmentation;
survival prediction 335/125/166 HGG/LGG NCR/NET, ED, ET; WT,

TC, ET

BraTS
2020

Glioma segmentation;
survival prediction;
uncertainty analysis

369/125/166 HGG/LGG NCR/NET, ED, ET; WT,
TC, ET

BraTS
2021

Glioma segmentation;
radiogenomic classification 1251/219/570 Adult diffuse glioma NCR/NET, ED, ET; WT,

TC, ET

BraTS
2022

Continuous adult glioma
segmentation evaluation

Usually based on BraTS
2021 adult glioma

cohort: 1251/219/hidden
test

Adult glioma NCR/NET, ED, ET; WT,
TC, ET

(Continued)

https://www.synapse.org/brats
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Table 3 (continued)

Dataset Task Training/Validation/Test
Cases Tumor Type Labels/Evaluation

Regions

BraTS
2023

Multi-task BraTS: adult
glioma, Africa glioma,

pediatric tumors,
meningioma,

synthesis/inpainting

Adult glioma commonly
1251/219/hidden test;

other tasks vary

Adult glioma;
pediatric tumors;

meningioma;
Sub-Saharan Africa

glioma

Task-dependent; adult
glioma uses NCR/NET,

ED, ET; WT, TC, ET

Note: High-grade glioma (HGG); Low-grade glioma (LGG); Whole tumor (WT); Tumor core (TC); Enhancing tumor
(ET); Necrotic and Non-enhancing tumor core (NCR/NET); Peritumoral edema (ED).

3.2.2 MSD Brain Tumor
The brain tumor subset of Medical Segmentation Decathlon (MSD), usually referred to as

Task01_BrainTumour, is closely related to multimodal glioma MRI segmentation [50]. The dataset is
distributed as part of the Medical Segmentation Decathlon and can be accessed through the official MSD
website: http://medicaldecathlon.com/. Since the dataset follows the MSD framework, it is commonly
distributed in a standardized NIfTI format, which makes it compatible with many 3D medical image
segmentation pipelines such as U-Net variants, nnU-Net, and transformer-based volumetric segmentation
models [51]. Table 4 summarizes the key information of MSD Brain Tumor, including its task setting, data
scale, annotation structure and relationship with the BraTS challenge datasets.

Table 4: Summary of the MSD brain tumor dataset used in 3D MRI-based brain tumor segmentation studies.

Dataset Task Training/Test
Cases

Annotation/Evaluation
Regions Key Characteristics

MSD Brain
Tumour/

Task01_Brain
Tumour

Multimodal
brain tumor

segmentation

484 training
cases; 266

testing cases

Edema, enhancing
tumor, and non-

enhancing/necrotic
tumor components

Derived from data
associated with BraTS
2016 and BraTS 2017;
useful for evaluating
general-purpose 3D

segmentation
frameworks within a

multi-task benchmark

Compared with BraTS, MSD Brain Tumor is usually discussed from a slightly different perspective.
BraTS is a disease-specific benchmark with a long challenge history and version-specific releases, whereas
MSD Brain Tumor is one task within a broader multi-domain benchmark.

3.3 Stroke Lesion Datasets
ATLAS

ATLAS is a public stroke neuroimaging dataset designed for the development and evaluation of
automated lesion segmentation algorithms [52,53]. The dataset provides T1-weighted brain MRI scans
together with manually annotated stroke lesion masks. A representative example of ATLAS-style data is

http://medicaldecathlon.com/
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shown in Fig. 6. The upper row presents T1-weighted axial brain MRI slices, while the lower row shows the
corresponding lesion annotations overlaid in red.

Figure 6: Representative examples of stroke lesion MRI data and manually annotated lesion masks.

The ATLAS dataset has evolved across releases, as summarized in Table 5. More detailed information
about the dataset construction, preprocessing pipeline, lesion tracing protocol, and challenge organization
can be found in the ATLAS v1.2 data descriptor [52] and ATLAS v2.0 data descriptor [53]. ATLAS data can
be accessed through the International Neuroimaging Data-Sharing Initiative platform at https://fcon_1000.
projects.nitrc.org/indi/retro/atlas.html.

Table 5: Representative releases of the ATLAS dataset family.

Dataset Release
Period Data Scale Notes

ATLAS v1.2 2018 304 stroke T1-weighted MRIs with
manually segmented lesion masks

Early open-source ATLAS release;
widely used in stroke lesion

segmentation studies

ATLAS v2.0 2022
1271 cases in total, including 655 public

training cases, 300 hidden test cases,
and 316 generalizability cases

Larger multi-cohort release designed
for algorithm development and

unbiased challenge-based evaluation

ATLAS v2.1 After
2022

Updated release organization based on
ATLAS v2 resources

Users should report the exact version,
data split, and preprocessing variant

used

Because stroke lesions may be small, irregular, sparse, and distributed across different anatomi-
cal locations, ATLAS is particularly useful for evaluating the ability of segmentation models to handle
foreground–background imbalance and heterogeneous lesion boundaries.

3.4 Neurodegeneration and Brain Aging Datasets
Neurodegeneration datasets differ from lesion-centered benchmarks because their labels are primarily

assigned at the subject or visit level and are often accompanied by longitudinal clinical information. The
three principal resources examined here are ADNI, OASIS, and MIRIAD.

https://fcon_1000.projects.nitrc.org/indi/retro/atlas.html
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Fig. 7 presents representative structural MRI examples from cognitively normal controls in ADNI,
OASIS, and MIRIAD. The main value of these datasets lies in the associated clinical labels, longitudinal
records, and biomarker information, rather than visually obvious focal abnormalities.

Figure 7: Representative structural MRI examples from cognitively normal control groups in ADNI, OASIS, and
MIRIAD.

3.4.1 ADNI Family
ADNI supports Alzheimer’s disease classification, conversion prediction, disease staging, and longitudi-

nal progression modeling [54–56]. Most ADNI-based MRI studies use structural T1-weighted brain MRI as
the main input. Depending on the task, MRI may also be combined with PET, cerebrospinal fluid biomarkers,
genetic data, demographic variables, or neuropsychological scores [57].

ADNI data are available through the Laboratory of Neuro Imaging (LONI)/ADIN portal (https://adni.
loni.usc.edu/about/), with registration and data-use approval required. As shown in Table 6, ADNI should
be regarded as a dataset family because ADNI-1, ADNI-GO, ADNI-2, ADNI-3, and later releases differ in
cohort design, imaging protocols, available modalities, and follow-up structure.

Table 6: Representative releases and phases of the ADNI dataset family.

Dataset Phase Period Main Research Goal Cohort Design/Dataset Volume

ADNI-1 2004–2010 Develop biomarkers as outcome
measures for clinical trials

Approximately 200 elderly controls, 400 MCI
participants, and 200 AD participants

ADNI-GO 2009–2011 Examine biomarkers in earlier
stages of disease

Existing ADNI-1 participants plus approximately
200 early MCI participants

ADNI-2 2011–2016
Develop biomarkers as

predictors of cognitive decline
and as outcome measures

Existing ADNI-1 and ADNI-GO participants plus
approximately 150 elderly controls, 100 elderly
MCI, 150 late MCI, and 150 AD participants

ADNI-3 2016–2022
Study tau PET and functional
imaging techniques in clinical

trials

Existing ADNI-1, ADNI-GO, and ADNI-2
participants plus approximately 133 elderly
controls, 151 MCI participants, and 87 AD

participants

ADNI-4 2022 and
beyond

Improve generalizability of
Alzheimer’s disease research

Existing ADNI-1, ADNI-GO, ADNI-2, and
ADNI-3 participants plus approximately 200

elderly controls, 200 MCI participants, and 100
AD/dementia participants

Note: Mild cognitive impairment (MCI); Alzheimer’s disease (AD).

https://adni.loni.usc.edu/about/
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3.4.2 OASIS Family
The Open Access Series of Imaging Studies, or OASIS, is another widely used dataset family for brain

aging and dementia research. The OASIS family includes several releases, commonly referred to as OASIS-1,
OASIS-2, OASIS-3, and OASIS-4, each with different cohort structures and imaging content [58–60].
OASIS data can be accessed through the official OASIS data portals (https://sites.wustl.edu/oasisbrains/). As
summarized in Table 7, the OASIS family covers both cross-sectional and longitudinal study designs.

Table 7: Representative releases and phases of the OASIS dataset family.

Dataset Dataset Volume Main MRI/Imaging Content

OASIS-1

416 subjects aged 18–96 years; each
subject includes 3 or 4 T1-weighted MRI

scans acquired in a single session;
additionally includes a reliability subset of
20 nondemented subjects scanned again

within 90 days

Cross-sectional structural T1-weighted
MRI

OASIS-2

150 subjects aged 60–96 years; 373
imaging sessions; each subject scanned on

two or more visits separated by at least
one year; each session includes 3 or 4

T1-weighted MRI scans

Longitudinal structural T1-weighted MRI

OASIS-3

1378 participants aged 42–95 years,
including 755 cognitively normal adults
and 622 individuals at different stages of

cognitive decline; 2842 MR sessions;
more than 2157 PET scans; 451 additional

tau PET sessions available in the
OASIS-3_AV1451 sub-project

Multimodal MRI including T1w, T2w,
FLAIR, ASL, SWI, time-of-flight,

resting-state BOLD, and DTI; many MR
sessions include FreeSurfer-derived
volumetric segmentation files; PET

includes PIB, AV45, FDG, and AV1451 tau
PET in the sub-project

OASIS-4 663 subjects aged 21–94 years MR neuroimaging with associated
processed imaging data

3.4.3 MIRIAD
The Minimal Interval Resonance Imaging in Alzheimer’s Disease dataset, commonly known as

MIRIAD, is a longitudinal MRI dataset designed for Alzheimer’s disease research [61]. MIRIAD data are
available through the official project route specified by the dataset provider, including the UCL MIRIAD
project page and the NITRC distribution page (https://www.nitrc.org/projects/miriad). Table 8 summarizes
the role of MIRIAD as a neurodegeneration and brain aging dataset.

The role of MIRIAD differs from that of large-scale challenge datasets. It is not usually used as a primary
benchmark for training large deep learning models from scratch. Instead, it is more often useful for testing
robustness, reproducibility, longitudinal consistency, and external validation. Because of its relatively limited
cohort size and repeated-measure design, MIRIAD is better suited for evaluating measurement stability and
biologically plausible longitudinal change than for training high-capacity 3D deep models de novo.

https://sites.wustl.edu/oasisbrains/
https://www.nitrc.org/projects/miriad
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Table 8: Overview of the MIRIAD dataset.

Dataset Dataset Volume Data Structure Main MRI Content

MIRIAD

69 participants, including 46
patients with Alzheimer’s

disease and 23 healthy
elderly controls; 708

volumetric MRI brain scans
in total

Longitudinal repeated-scan
dataset; multiple scans were
acquired for each participant

at intervals ranging from
approximately 2 weeks to 2

years

Volumetric structural brain
MRI, mainly longitudinal
T1-weighted MRI scans

3.5 General Brain Structure and Population Imaging Datasets
General brain structure and population imaging datasets provide reference resources for 3D MRI-

based computer vision. They usually contain structural or multimodal brain MRI from healthy volunteers
or population-level cohorts, and are mainly used for anatomical representation learning, preprocessing
validation, registration, segmentation, reconstruction, super-resolution, and population-level analysis.

In this review, this category is mainly represented by IXI and Human Connectome Project (HCP). IXI
is an accessible structural MRI dataset often used for method validation, whereas HCP provides high-quality
multimodal neuroimaging data for large-scale studies of brain structure, function, and connectivity. Since
both datasets mainly show general brain anatomy and do not include distinctive lesion masks or disease-
specific annotations, no representative image panel is provided. This subsection therefore focuses on dataset
scale, imaging content, access route, and methodological role.

3.5.1 IXI
IXI is a public brain MRI dataset containing approximately 600 healthy subjects collected from multiple

hospitals in London [62]. It provides commonly used structural MRI sequences, including T1-weighted, T2-
weighted, and proton density-weighted images.

IXI is commonly used for structural brain representation, modality translation, segmentation, registra-
tion, reconstruction, and super-resolution. Its value lies less in clinical labels and more in providing a clean
reference dataset for evaluating image-processing pipelines and anatomical representation learning. IXI data
can be accessed through the official webpage: https://brain-development.org/ixi-dataset/. As summarized
in Table 9, IXI mainly serves as a general-purpose structural brain MRI dataset for method validation rather
than disease diagnosis.

Table 9: Overview of the IXI dataset.

Dataset Main Research Focus Dataset Volume Data Structure Main MRI Content

IXI
General brain

structure in normal
healthy subjects

Approximately 600
subjects; sequence

availability may vary
by downloaded

release or mirror

Cross-sectional
structural brain

MRI dataset

T1-weighted,
T2-weighted, and

proton
density-weighted

brain MRI

https://brain-development.org/ixi-dataset/
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From a methodological perspective, IXI is particularly relevant to studies that require relatively
standardized brain MRI data without strong disease-specific labels. The main limitation of IXI is that it is
not a large-scale clinical cohort and does not provide rich disease labels or longitudinal follow-up.

3.5.2 HCP
The Human Connectome Project, commonly known as HCP, is a large-scale neuroimaging resource

designed to study human brain structure, function, and connectivity [63,64]. Recent work has used HCP for
anatomical modeling, representation learning, multimodal analysis, segmentation, and reconstruction.

In this review, HCP mainly refers to the WU-Minn HCP Young Adult S1200 release, particularly the
structural MRI subset containing 1113 subjects as summarized in Table 10.

Table 10: Overview of the HCP dataset family.

Dataset/Release Dataset Volume Data Structure Main MRI Content

HCP Young
Adult/S1200

release

The S1200 release
includes behavioral and
3T MRI data from 1206

healthy young adult
participants, of whom

1113 have structural MR
scans

Large-scale
cross-sectional

multimodal
neuroimaging cohort of

young adults

High-resolution 3T
structural MRI, mainly

T1-weighted and
T2-weighted images; the

broader release also includes
diffusion MRI, resting-state

fMRI, task fMRI, and
processed derivatives

HCP data are accessed through the HCP Young Adult project page (https://www.humanconnectome.
org/study/hcp-young-adult). HCP has several advantages for 3D MRI-based computer vision. First, its
high-resolution structural MRI makes it useful for detailed anatomical representation learning. Second,
its multimodal imaging structure supports models that integrate structural, diffusion, and functional
information. Third, the relatively standardized acquisition and preprocessing pipelines make it suitable for
methodological studies that require high-quality input data.

3.6 Knee/Musculoskeletal MRI Datasets
Unlike brain MRI, knee MRI focuses on joint structures such as cartilage, bone, meniscus, ligaments,

and surrounding soft tissues, which are closely related to degenerative joint diseases and require different
analysis strategies. In this review, this category is mainly represented by the Osteoarthritis Initiative
(OAI). Fig. 8 shows representative knee MRI examples to illustrate the anatomical context of OAI-style
musculoskeletal imaging.
3.6.1 OAI

Applications based on OAI include osteoarthritis diagnosis, progression prediction, cartilage segmen-
tation, and quantitative morphology analysis [65,66]. OAI includes standardized 3.0 T knee MRI protocols
with sagittal, coronal, or axial acquisitions depending on the selected visit and sequence. The dataset also
provides radiographic assessments and rich clinical variables, allowing image-derived features to be linked
with symptoms, radiographic severity, pain scores, functional outcomes, and disease progression. OAI data
can be accessed through the National Institutes of Health (NIH) NIMH Data Archive (NDA) OAI portal:

https://www.humanconnectome.org/study/hcp-young-adult
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https://nda.nih.gov/oai/. As summarized in Table 11, OAI extends 3D MRI-based computer vision from
neuroimaging to musculoskeletal imaging.

Figure 8: Representative knee MRI examples from the Osteoarthritis Initiative (OAI).

Table 11: Overview of the OAI dataset family.

Dataset Main Research
Object Dataset Volume Data Structure Main MRI Content

OAI Knee osteoarthritis
and joint degeneration

4796 participants;
bilateral knee

imaging is
available in the
broader cohort

Large-scale
longitudinal

musculoskeletal
cohort with

repeated visits and
multiple

subcohorts

Standardized 3.0 T knee
MRI, including sequences
used for cartilage, bone,
meniscus, bone marrow

lesion, and joint-structure
analysis; data are commonly

distributed as DICOM

Note: Digital Imaging and Communications in Medicine (DICOM).

OAI introduces challenges that differ from brain MRI analysis because knee MRI contains thin cartilage
layers, curved bone surfaces, menisci, ligaments, and other small soft-tissue structures, requiring high spatial
precision. It is also suitable for comparing different input paradigms, including full 3D, slice-based, patch-
based, and region of interest (ROI)-based strategies, especially for localized structures such as cartilage,
meniscus, bone marrow lesions, and subchondral bone.

3.7 MRI Acquisition and Image Restoration Datasets
MRI acquisition and image restoration datasets form a distinct category in 3D MRI-based computer

vision. Unlike disease-centered datasets, they focus on recovering high-quality MRI from raw, undersam-
pled, noisy, or degraded acquisition data rather than on diagnosis or lesion annotation. In this review,
fastMRI is the main representative dataset, supporting accelerated MRI reconstruction, image restoration,
super-resolution, artifact reduction, and data-driven image-quality enhancement.

Since fastMRI includes multiple anatomical regions, such as knee, brain, prostate, and breast MRI, it
is better regarded as a dataset family with different anatomical subsets rather than a single homogeneous
cohort. Fig. 9 illustrates this cross-anatomical coverage.

https://nda.nih.gov/oai/
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Figure 9: Representative fastMRI examples from different anatomical regions, including knee, brain, prostate, and
breast MRI.

3.7.1 fastMRI
fastMRI is a large public MRI reconstruction dataset developed by NYU Langone Health and Facebook

AI Research for machine learning-based accelerated MRI [67–70]. Its key feature is the availability of dei-
dentified raw k-space data, enabling models to learn reconstruction from undersampled frequency-domain
measurements rather than only using reconstructed images.

As summarized in Table 12, fastMRI includes several anatomical subsets, including knee, brain, prostate,
and breast MRI. Its core content is raw acquisition data and reconstructed images, rather than clinical labels
or voxel-level masks, making it different from most diagnosis- or segmentation-oriented datasets. Data are
available through the official fastMRI portal (https://fastmri.med.nyu.edu/).

Table 12: Overview of the fastMRI dataset family and its anatomical subsets.

Dataset Subset Dataset Volume Main MRI Content Data Type

fastMRI Knee

More than 1500 fully sampled
knee MRIs in the raw dataset;
the official table reports 1398
raw knee scans by contrast,

excluding data held back for the
reconstruction challenge;

DICOM images from 10,000
clinical knee MRIs are also

provided.

Raw dataset: coronal proton
density-weighted images with
and without fat suppression.
DICOM dataset: coronal PD
with/without fat suppression,
axial PD with fat suppression,

sagittal PD, and sagittal
T2-weighted with fat

suppression.

Raw k-space data
and DICOM images;
acquisition metadata
and reconstruction

targets

fastMRI Brain

Official page reports 6970 fully
sampled brain MRIs; the

contrast/field-strength table
totals 7002 scans,

Axial T1-weighted, T1
post-contrast, T2-weighted, and

FLAIR images.

Raw k-space data
and reconstructed
brain MRI images

fastMRI Prostate 312 prostate MRI exams.
Axial T2-weighted and axial

diffusion-weighted images for
each exam.

Raw k-space data
with prostate MRI

sequences

fastMRI Breast 300 clinical breast MRI exams.
Axial dynamic

contrast-enhanced MRI using a
3D GRASP sequence.

Radial k-space and
DICOM data for
breast DCE-MRI

fastMRI has particular methodological value because it links MRI acquisition physics with deep
learning-based image recovery. Models trained on fastMRI data often need to account for k-space mea-
surements, coil sensitivity, undersampling patterns, and the relationship between frequency-domain data
and image-domain reconstruction. In this sense, fastMRI is not only a benchmark for accelerated MRI

https://fastmri.med.nyu.edu/
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reconstruction, but also a resource that may support later-stage applications, including segmentation,
diagnosis, and quantitative image analysis.

3.8 Comparative Summary of Dataset Roles
The dataset families reviewed in this section indicate that public 3D MRI resources do not function as

a single uniform benchmark. Instead, they define different research settings according to anatomy, disease
context, imaging protocol, and annotation type. Brain tumor and stroke datasets, including BraTS, MSD
Brain Tumor, and ATLAS, primarily support lesion or tumor delineation because they provide spatial
annotations. ADNI, OASIS, and MIRIAD are more similar to clinical cohort resources, where structural
MRI is linked with diagnosis, cognitive measures, biomarkers, and longitudinal follow-up. IXI and HCP
are commonly used as reference datasets for anatomical representation, preprocessing validation, and
methodological testing. OAI expands the reviewed literature into musculoskeletal imaging, whereas fastMRI
shifts attention toward MRI acquisition, reconstruction, and image-quality enhancement.

These differences also affect how experimental results should be interpreted. Performance on BraTS
or ATLAS mainly reflects the ability to segment tumors or lesions, whereas ADNI- or OASIS-based
studies usually assess subject-level classification, disease staging, or progression prediction. IXI and HCP
can support anatomical modeling, reconstruction, or preprocessing studies, but results obtained on these
datasets should not be read as direct evidence of clinical diagnostic validity. Taken together, the dataset
family determines the anatomical scope, supervision type, and appropriate evaluation strategy of a 3D
MRI-based computer vision study. The next section therefore turns to the question of how volumetric
MRI data are organized before model training, including 2D slices, 2.5D inputs, full 3D volumes, and
multi-view representations.

4 Input Paradigms for 3D MRI-Based Computer Vision

4.1 Overview of Volumetric MRI Input Organization
A 3D MRI scan contains anatomical and intensity information across three spatial dimensions, but it

does not have to be processed as a complete volume. In practice, the input format is shaped by voxel spacing,
slice thickness, field of view, acquisition plane, imaging sequence, anatomical target, annotation type, and
available computational resources [71,72]. For this reason, studies using the same dataset or addressing a
similar task may still adopt different ways of organizing the MRI volume before model training.

The main input paradigms include 2D slice-based input, 2.5D adjacent-slice input, full 3D or patch-
based input, and multi-view input. A 2D strategy is computationally efficient and compatible with mature
2D architectures, although it offers only limited inter-slice context. A 2.5D design introduces nearby slices
to provide partial volumetric information while keeping the computational cost closer to 2D processing.
Full 3D and patch-based strategies preserve spatial continuity more directly, making them well suited to
tasks that depend on volumetric structure, such as segmentation and reconstruction, but they usually require
more memory and more careful preprocessing. Multi-view strategies use axial, coronal, and sagittal planes
to capture complementary anatomical information without relying entirely on dense 3D computation.

Fig. 10 summarizes these input organizations. These paradigms are discussed in more detail in the
following subsections, with attention to their advantages, limitations, and task suitability.
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Figure 10: Schematic illustration of major input paradigms for 3D MRI-based computer vision.

4.2 Structural Computational Complexity across Input Paradigms
Computational cost is an important factor in selecting an input paradigm. FLOPs, parameter count,

peak GPU memory, and inference time are jointly influenced by input size, network depth and width,
batch size, numerical precision, patch configuration, fusion strategy, software implementation, and hardware
platform. Therefore, this section focuses on the structural computational scaling of representative paradigm
implementations rather than assigning universal numerical values to each paradigm.

For a standard 2D convolution with an output feature map of size Ho ×Wo , Cin input channels, Cout
output channels, and a kernel of size kh × kw , the approximate number of multiply–accumulate operations is
C2D ≈ HoWoCinCoutkh kw . The corresponding parameter count is approximately 2D ≈ CinCoutkh kw [73].

A 3D convolution introduces an additional depth dimension. For an output volume of size
Do ×Ho ×Wo and a kernel of size kd × kh × kw , the approximate operation count becomes C3D ≈
DoHoWoCinCoutkd kh kw , with a parameter count of 3D ≈ CinCoutkd kh kw [74].

The computational difference between 2D and 3D models therefore arises from both the additional
kernel dimension and the volumetric size of intermediate feature maps [75,76].

The complexity of 2.5D methods depends on how through-plane information is incorporated. In a
simple adjacent-slice stacking design, m neighboring slices are treated as input channels. If the subsequent 2D
backbone remains unchanged, the main computational increase occurs in the first convolutional layer, where
the input-channel dimension increases from Cin to approximately mCin. The remaining layers continue to
use 2D operations. This form of 2.5D processing is therefore computationally closer to a 2D network than to
a full 3D network [77].

By contrast, 2.5D methods that encode slices independently and subsequently apply recurrent,
attention-based, Transformer-based, or other feature-fusion modules have a different cost structure. Their
approximate computation can be expressed conceptually as C2.5D ≈ mCencoder + Cfusion, where m is the
number of processed slices. These methods may require repeated slice encoding and additional memory
for retaining multiple feature representations. Consequently, the computational demand of 2.5D methods
cannot be summarized by a single fixed value [78].

Multi-view methods usually process V anatomical planes, most commonly the axial, coronal, and
sagittal views. Their overall computation can be approximated as CMV ≈ VC2D + Cfusion.
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If view-specific branches use independent parameters, the total parameter count may increase approxi-
mately with the number of views. If weights are shared, parameter growth is limited, although each view still
requires a separate forward pass. Decision-level fusion introduces relatively little additional computation,
whereas feature-level fusion may require multiple intermediate feature maps to be retained simultaneously
and therefore increases both computation and memory demand [79,80].

Table 13 summarizes these paradigm-level structural differences. The comparison describes general
computational tendencies rather than fixed numerical benchmarks.

Table 13: Structural computational characteristics of common 3D MRI input paradigms.

Paradigm Typical
Implementation Main Cost Driver Memory

Tendency Practical Implication

2D Slice-wise 2D network In-plane resolution
and slice count

Low per
pass

Repeated inference across
slices

2.5D
Adjacent-slice

stacking or feature
fusion

Context width and
fusion mechanism

Low–
moderate

Cost varies substantially
by implementation

Full 3D
Full-volume or
patch-based 3D

network

Volumetric operations
and feature maps High

Patching reduces peak
memory but adds

repeated computation

Multi-view
Multiple

anatomical-plane
branches

Number of views and
fusion strategy Moderate

Requires repeated
plane-wise inference and

fusion

4.3 2D Slice-Based Input
In the 2D slice-based paradigm, a 3D MRI volume is decomposed into individual slices or ordered slice

sequences, which are then processed by 2D CNNs [81–84]. This strategy reduces GPU memory demand,
supports larger batch sizes, and allows the use of mature 2D architectures. However, it weakens inter-slice
continuity and may introduce inconsistency between slice-level predictions and subject-level labels.

In some representative studies, Gautam and Singh [85] used T1-weighted 3D MRI from ADNI for
Alzheimer’s disease classification. Their pipeline converted each 3D volume into 2D slices and adapted
pretrained 2D CNNs, including VGG16, MobileNet, DenseNet121, and NASNetMobile. Their study shows
how 2D slicing enables the reuse of pretrained image-classification backbones for volumetric MRI.

Alirr [86] applied a 2D U-Net-based design to ischemic stroke lesion segmentation using multimodal
MRI, including DWI, ADC, and FLAIR. The study emphasized the practical advantage of lightweight 2D
models, especially when full 3D networks require high memory and may overfit under limited annotations.

Ahanger et al. [87] proposed AlzhiNet for Alzheimer’s disease classification using 3D volumetric MRI
and a self-attention mechanism. Although the input data were volumetric, the model emphasized slice-
level contribution to diagnostic decisions, showing that 2D or slice-aware representations can improve
interpretability in subject-level diagnosis.

Li et al. [88] extended the role of 2D input to MRI reconstruction. Their parallel dual-domain crossing
network used image-domain and k-space-domain representations with multimodal feature fusion. This
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example indicates that 2D input in 3D MRI studies is not limited to slice classification, but can also serve as
the computational unit for image recovery.

2D slice-based input is useful when computational efficiency, pretrained 2D architectures, or slice-level
interpretability is prioritized. Its main limitation remains the reduced ability to represent three-dimensional
spatial continuity. Table 14 summarizes representative studies that explicitly reported 3D-to-2D conversion.

Table 14: Examples of 3D MRI-to-2D slice conversion strategies in representative studies.

Study Dataset/Anatomy Original 3D MRI or
Source Format 2D Conversion Strategy Final 2D

Input Size

Gautam and
Singh [85]

ADNI; Alzheimer’s
disease

classification

T1-weighted 3D MRI;
original size reported as

192 × 192 × 160

Uninformative slices
were removed after skull
stripping; each scan was

reduced to 192 × 192 × 80
and then decomposed

into 2D slices

150 × 150 × 3

Alirr [86]
ISLES 2022;

ischemic stroke
lesion segmentation

Multimodal MRI
volumes including DWI,

ADC, and FLAIR

Axial slice
decomposition; DWI,
ADC, and FLAIR were
stacked as multimodal

channels

3× 320× 320

Ahanger
et al. [87]

ADNI; Alzheimer’s
disease

classification

T1-weighted 3D
volumetric MRI with

variable original
resolution and voxel

spacing

Scans were registered and
spatially normalized;

MRI slices were resized
and processed by a

pretrained VGG16 feature
extractor

224× 224× 3
per slice

Li et al. [88] IXI and BraTS 2018;
MRI reconstruction

Multimodal MRI data;
paired image-domain

slices were used to
construct k-space data

Fully paired 2D slices
were extracted and

transformed into k-space
by Fourier transform

IXI:
256 × 256;

BraTS 2018:
240 × 240

4.4 2.5D Slice-Based Input
The 2.5D slice-based input paradigm is used here as a representation-level category rather than as a

single computational mechanism [89–93]. It includes methods that introduce inter-slice or through-plane
information while avoiding direct full-volume processing with 3D operations. Depending on where and
how this information is incorporated, the reviewed studies can be distinguished as image-level adjacent-slice
aggregation, feature-level slice-sequence modeling, relation-based inter-slice representation learning, and
order-aware sequence compression. These strategies differ substantially in their computational operations
and in the amount of volumetric information they preserve, although all occupy an intermediate position
between independent 2D slice processing and full 3D modeling.

Conv-Swinformer [94] represents a feature-level slice-sequence modeling strategy for Alzheimer’s
disease classification using ADNI and OASIS. A CNN first extracts planar features from individual slices,
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after which a Transformer encoder models semantic dependencies across the ordered slice sequence. Inter-
slice information is therefore introduced after slice-level feature extraction rather than through direct
aggregation of the original MRI slices. This strategy preserves sequence-level relationships while maintaining
predominantly 2D feature extraction.

Mohan et al. [95] adopted an image-level adjacent-slice aggregation strategy for brain tumor segmen-
tation using BraTS 2017 and BraTS 2018. Every five neighboring slices were averaged, reducing the original
sequence of 155 slices to 31 aggregated images, followed by tumor-oriented region cropping and U-Net–
LSTM segmentation. Unlike feature-level sequence modeling, this method introduces through-plane context
before feature extraction. Its averaging operation reduces computational cost but may also suppress fine
inter-slice variation.

Biceph-Net [96] represents a relation-based inter-slice learning strategy. The method processes 2D
slices extracted from 3D MRI volumes and uses deep similarity learning to constrain intra-slice and inter-
slice representations. Rather than explicitly stacking or averaging adjacent slices, it preserves subject-level
relationships in the learned embedding space. Its use of volumetric context is therefore relational rather than
based on direct image-level fusion.

Rahim et al. [97] used an order-aware sequence-compression strategy for Alzheimer’s disease progres-
sion detection. Approximate rank pooling was applied to an ordered sequence of MRI slices to generate a
single dynamic 2D image for each volume and time point. The resulting image encodes part of the slice-
order information but compresses the original sequence into one representation. This differs from both
adjacent-slice aggregation and explicit sequence modeling because inter-slice information is summarized
before CNN–BiLSTM analysis.

Table 15 summarizes these representative strategies. In this review, 2.5D does not denote a uniform
network architecture or fusion mechanism. It denotes a family of representations that use partial volumetric
information without directly applying full 3D processing to the original MRI volume. Although these studies
are grouped under the 2.5D input paradigm, they do not employ the same computational mechanism.
They can be distinguished as feature-level sequence modeling, image-level slice aggregation, relation-based
representation learning, and order-aware sequence compression, according to where and how inter-slice
information is introduced.

Table 15: Representative 2.5D input strategies and their computational mechanisms.

Study Dataset Task 2.5D Processing Strategy Type
Hu

et al. [94]
ADNI;
OASIS Classification CNN slice features followed by

Transformer sequence modeling
Feature-level sequence

modeling

Mohan
et al. [95]

BraTS
2017/2018 Segmentation

Averaging of every five adjacent
slices before U-Net–LSTM

processing

Image-level slice
aggregation

Rashid
et al. [96]

ADNI;
OASIS; IXI Classification Similarity learning across slice

and subject representations

Relation-based
representation

learning

Rahim
et al. [97] ADNI Progression

prediction

Approximate rank pooling of
ordered slices into a dynamic

image

Order-aware sequence
compression
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However, 2.5D methods still provide less complete spatial context than full 3D models, and different
implementations are not directly comparable unless the conversion process is clearly described. Therefore,
studies should report how neighboring slices or slice sequences are constructed, whether information is
compressed or averaged, and whether all derived samples from the same subject are split consistently.

4.5 Full 3D Volume and Patch-Based Input
Full 3D volume input provides the most direct way to represent volumetric MRI in deep learning

models. It retains spatial information across all three anatomical dimensions and is therefore well matched
to tasks that depend on volumetric structure [98–101]. In multimodal MRI settings, different sequences are
commonly stacked as separate input channels, allowing 3D networks to learn inter-slice continuity, spatial
relationships, and lesion morphology within a unified volumetric representation.

Liang et al. [102] developed 3D PSwinBTS for multimodal brain tumor segmentation, arguing that
slice-based processing can discard important volumetric information. This 3D shifted-window Transformer
module was designed to capture contextual information along multiple axes while controlling compu-
tational cost. Akbar et al. [103] introduced Yaru3DFPN, a lightweight 3D U-Net variant combined with
feature pyramid networks. By using 3D operations, the model can represent voxel connectedness across
neighboring slices.

Hybrid CNN–Transformer designs further show how full 3D input can be adapted to balance local
detail and broader spatial dependency. Ghribi and Hamdaoui [104] combined a 3D U-Net with a 3D Vision
Transformer for multimodal brain tumor segmentation. In this framework, 3D CNN components capture
local anatomical features, whereas transformer modules model longer-range spatial relationships. The use of
a patch-based pipeline also shows that full 3D modeling does not always require processing the entire MRI
volume at once; local volumetric patches can serve as the effective input unit.

Other studies have focused on improving boundary representation, feature selectivity, and texture-
aware volumetric segmentation within 3D networks. Li et al. [105] proposed Arouse-Net, a 3D CNN for
glioblastoma segmentation in multi-parametric MRI. Its use of dilated convolutions and attention mecha-
nisms expanded the receptive field and emphasized tumor boundary information. Chen et al. [106] developed
dSEAT-UNet for multimodal brain tumor segmentation by integrating residual encoding, squeeze-and-
excitation (SE) attention, and Gabor filtering into a 3D U-Net framework, with the aim of strengthening both
local–global feature extraction and texture-sensitive segmentation.

Although segmentation is the most common setting for full 3D input, volumetric modeling can also
support subject-level diagnosis. Alarjani and Almuaibed [107] applied a 3D CNN to Alzheimer’s disease
detection using OASIS-3 MRI. Unlike slice-based classification methods, their model processed 3D MRI
scans directly to preserve whole-brain spatial information. This example indicates that full 3D input may be
useful beyond dense prediction tasks when the diagnostic target depends on distributed anatomical patterns
or global volumetric context.

Table 16 summarizes representative full 3D and patch-based input strategies. These examples indicate
that full 3D input provides the most direct representation of volumetric MRI. It preserves inter-slice
continuity, supports voxel-level prediction, and enables models to learn 3D shape, boundary, volume, and
spatial-location patterns. This makes it particularly suitable for segmentation and other tasks requiring dense
anatomical reasoning.

The main cost of this paradigm is computational complexity. Full-volume 3D CNNs or 3D Trans-
formers require substantially more GPU memory than 2D methods, especially for high-resolution or
multimodal MRI.
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Table 16: Representative full 3D volume and patch-based input strategies in 3D MRI-based computer vision studies.

Study Dataset Main Model Design Relevance to Full 3D Input

Liang
et al. [102]

BraTS 2020, 2021;
MSD Brain Tumor

Transformer-based U-Net with
3D Parallel Shifted Window
Transformer and semantic

supervision

Represents 3D window-based
Transformer modeling for

volumetric MRI segmentation

Akbar
et al. [103]

BraTS 2018, 2019,
2020, 2021

Lightweight modified 3D U-Net
with feature pyramid network

and thresholding

Represents lightweight 3D CNN
design for voxel-level segmentation

Ghribi and
Ham-

daoui [104]
BraTS 2020

Hybrid 3D U-Net and 3D
Vision Transformer with

multi-scale fusion

Represents 3D CNN–Transformer
hybrid modeling and patch-based

3D input

Li et al. [105] BraTS 2021
Custom 3D CNN with dilated

convolution and attention
mechanism

Represents attention-enhanced 3D
CNN for tumor boundary

refinement

Chen
et al. [106]

BraTS 2020 and
BraTS 2021

3D ResNet encoder, 3D U-Net
decoder, SE attention, and

Gabor filters

Represents residual and
attention-augmented 3D U-Net for

volumetric segmentation

Alarjani and
Almuaibed [107] OASIS-3 Optimized 3D CNN for

Alzheimer’s disease detection
Shows that full 3D input can also
support subject-level diagnosis

4.6 Multi-View and Tri-Planar Input
Multi-view or tri-planar input organizes 3D MRI by extracting 2D views from multiple anatomical

planes, usually axial, coronal, and sagittal [108–110]. These views can be processed by separate networks,
shared branches, transformer modules, or ensemble models, and then fused at the feature or decision
level [111–113]. Compared with single-plane 2D input, this strategy provides broader anatomical coverage;
compared with full 3D input, it usually requires lower computational cost.

Mossa and Çevik [114] proposed a multiview CNN ensemble framework for overall survival prediction
in brain tumor patients using multimodal MRI. Their method represented 3D MRI as axial, sagittal, and coro-
nal slice sets, trained plane-specific CNN models, and fused predicted probabilities with machine-learning
algorithms. This example shows a typical multi-view design based on 2D CNNs and ensemble fusion.

Alp et al. [115] used multi-plane MRI slices for Alzheimer’s disease classification based on ADNI
T1-weighted MRI. The standardized 3D volumes were split into axial, coronal, and sagittal slices, and
transformer-based models were used to extract slice-level features and model slice-sequence dependencies.
This study illustrates how multi-view input can be combined with Vision Transformer and sequence
modeling.

Rahim et al. [116] proposed a more explicit multi-view framework for detecting progression from
stable MCI to progressive MCI or AD. Their method used axial, coronal, and sagittal views simultaneously,
extracted plane-specific features with CNN backbones, refined them with attention modules, and combined
them through ensemble strategies. The use of gradient-weighted class activation mapping (Grad-CAM)
further showed how different views contributed to the final prediction.
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Islam et al. [117] applied a multi-plane slice representation to Alzheimer’s disease detection using OASIS-
2 structural MRI. Their preprocessing framework extracted evenly distributed 2D slices from the axial,
coronal, and sagittal planes and constructed both plane-specific datasets and a combined three-plane dataset.
The resulting slices were processed by a lightweight hybrid classical–quantum convolutional neural network,
in which a 2D CNN extracted image features before a parameterized quantum circuit performed binary
classification. Unlike multi-branch architectures that fuse view-specific features or predictions, this study
combined slices from the three anatomical planes at the dataset level.

Table 17 summarizes representative multi-view and tri-planar input strategies. This paradigm offers
a practical balance between 2D efficiency and 3D anatomical coverage. Its performance depends on slice
selection, view-fusion strategy, and subject-level data splitting.

Table 17: Representative multi-view and tri-planar input strategies in 3D MRI-based computer vision studies.

Study Dataset Multi-View Input
Strategy Model or Fusion Design Main Task

Mossa and
Çevik [114] BraTS 2017

3D MRI represented as
2D slices from axial,
coronal, and sagittal

planes

Multiview CNN models;
predicted probabilities fused

using machine-learning
classifiers

Brain tumor
survival-time

prediction

Alp
et al. [115] ADNI

Standardized 3D MRI
split into axial, coronal,

and sagittal 2D slices

ViT feature extraction from
slices followed by

transformer-based sequence
modeling

Alzheimer’s
disease

classification

Rahim
et al. [116] ADNI

132 middle slices
selected from each of

axial, coronal, and
sagittal views

CNN feature extraction,
CBAM-based refinement,

Bayesian-optimized
classification heads, and

ensemble fusion

MCI-to-AD
progression
prediction

Islam
et al. [117] OASIS-2

Axial, coronal, and
sagittal slices combined

into a three-plane
dataset

Lightweight 2D CNN with a
parameterized quantum circuit;
dataset-level view aggregation

Alzheimer’s
disease detection

Note: Convolutional block attention module (CBAM).

4.7 Summary and Transition to Downstream Tasks
The preceding subsections show that 3D MRI can be represented in multiple forms before model

training. Each represents a different balance among spatial-context preservation, computational demand,
preprocessing sensitivity, data availability, and task requirements. As summarized in Table 18, 2D methods
offer low peak memory and straightforward use of pretrained models, but their slice-wise processing may
weaken through-plane consistency. 2.5D methods introduce limited inter-slice context while retaining much
of the efficiency of 2D processing, although their effectiveness depends strongly on slice selection and fusion
design. Full 3D methods provide the most direct representation of volumetric anatomy, but require greater
activation memory and are more sensitive to voxel spacing, resampling, spatial normalization, multimodal
registration, and volume size. Multi-view methods combine complementary anatomical planes without
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relying entirely on volumetric convolution, but their effectiveness depends on consistent plane extraction
and alignment across views and modalities.

Table 18: Comparative characteristics and suitable conditions of 3D MRI input paradigms.

Paradigm Main Strengths Main Limitations Suitable Conditions

2D

Low peak memory; compatible
with pretrained 2D models;

Less dependent on
through-plane standardization

Limited through-plane context;
potential inter-slice

inconsistency; subject-level
aggregation may be required.

Limited computational
resources, use of pretrained 2D
models, or tasks where in-plane

information is sufficient.

2.5D
Adds local inter-slice context

while retaining mainly 2D
processing

Context range is limited; cost
and effectiveness depend on

slice selection and fusion design

Moderate computational
budgets, adjacent-slice

continuity, lesion-centered
analysis

Full 3D
Direct volumetric modeling;

preserves spatial continuity and
morphology

High activation memory;
sensitive to resampling,

registration, and volume size

Segmentation, reconstruction,
and tasks requiring precise 3D

spatial context

Multi-view
Integrates complementary
anatomical planes; broader

coverage than single-plane 2D

Repeated view-specific
processing; depends on

consistent plane extraction and
cross-view or multimodal

alignment

Classification or diagnosis
using complementary

orthogonal views when view
geometry is sufficiently

consistent

These trade-offs also explain why input-paradigm selection differs across downstream tasks. Classifica-
tion and diagnosis can often tolerate compressed or view-based representations when subject-level cues are
distributed across the volume. Segmentation and reconstruction generally benefit more directly from spatial
continuity and local volumetric structure, whereas super-resolution may use 2D, multi-slice, 2.5D, or full 3D
designs depending on whether the target is primarily in-plane enhancement or through-plane recovery. The
following section therefore examines downstream tasks in relation to their output requirements.

5 Downstream Tasks in 3D MRI-Based Computer Vision
After reviewing datasets and input paradigms, this section focuses on the main computer vision tasks

supported by 3D MRI. These tasks are shaped by the available labels and expected outputs. This distinction
affects how models are designed and evaluated. Classification and diagnosis tasks usually aggregate informa-
tion from slices, views, modalities, or volumes into a subject-level prediction. Segmentation requires spatially
precise voxel-level output, making anatomical continuity and localization more important. Reconstruction
and restoration recover images from degraded or undersampled data, while super-resolution aims to generate
high-resolution MRI from low-resolution input.

This section is organized to emphasize the diversity of dataset–task–input paradigm configurations
rather than to rank paradigms using pooled performance values. Reported metrics are affected by differences
in dataset versions, target definitions, preprocessing, model architectures, data splits, and evaluation proto-
cols, making direct cross-study averaging potentially misleading. The task-oriented presentation therefore
helps readers identify relevant datasets and input paradigms before consulting the original studies for
detailed performance results within their specific experimental contexts.
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5.1 Detection, Diagnosis, and Classification
5.1.1 Task Definition and Evaluation Metrics

Detection, diagnosis, and classification are common tasks in 3D MRI-based computer vision. They
assign binary, categorical, ordinal, or region-specific labels to MRI-derived inputs, depending on the clinical
question and annotation type [118–122]. The prediction target may be defined at the subject level, scan
level, anatomical-region level, or lesion level. Although these tasks are often discussed together, their output
granularity differs. Diagnosis and classification usually produce subject-level or scan-level labels. Detection
may also produce categorical results, but it often focuses on whether an abnormality exists in a specific
anatomical region. In this sense, detection lies between general classification and precise localization.

In this task family, the relationship between the input unit and the prediction unit is central. A subject-
level label may be assigned to an entire MRI examination, whereas the model input may consist of multiple
paradigms. This creates a methodological gap between the imaging representation and the clinical label.
Therefore, classification performance is not determined only by the classifier architecture; it is also shaped
by how MRI information is sampled, aggregated, fused, and linked to the reference label [123–127].

Evaluation for detection, diagnosis, and classification tasks is usually based on the agreement between
predicted and reference labels. Let TP, TN , FP, and FN denote true positives, true negatives, false positives,
and false negatives, respectively. Common metrics include accuracy, sensitivity, specificity, precision, and
F1-score, as shown in Eqs. (1)–(5):

Accurac y = TP + TN
TP + TN + FP + FN

(1)

Sensitiv ity = Recal l = TP
TP + FN

(2)

Speci f icity = TN
TN + FP

(3)

Precision = TP
TP + FP

(4)

F1 = 2 × Precision × Recal l
Precision + Recal l

(5)

Accuracy measures the overall proportion of correct predictions. Sensitivity measures the ability to
detect positive cases and is especially important for screening-oriented tasks, whereas specificity measures
the ability to correctly identify negative cases. Precision reflects the reliability of positive predictions, and
F1-score balances precision and recall. These metrics are frequently used in medical image classification and
diagnostic accuracy studies [128].

For probabilistic classifiers, the receiver operating characteristic curve plots the true positive rate against
the false positive rate across decision thresholds. The area under the curve is commonly defined as Eq. (6):

AUC = ∫
1

0
TPR(FPR) dFPR (6)

where TPR is the true positive rate and FPR is the false positive rate. AUC is widely used in medical image
classification because it evaluates discrimination across thresholds, but it should not be interpreted alone
when class imbalance, calibration, or clinical decision thresholds are important [129].
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The metrics above represent the main evaluation measures used for classification-oriented tasks in
this review.

5.1.2 Representative Studies and Methodological Interpretation
Alzheimer’s disease classification is a typical subject-level diagnosis task using volumetric brain MRI.

Rehman et al. [130] introduced 3D-MobiBrainNet for multi-class classification on ADNI 3D MRI. By
integrating axial, coronal, and sagittal information, the method distinguishes cognitively normal, mild
cognitive impairment, and Alzheimer’s disease groups, illustrating how multi-plane input can support
subject-level diagnostic prediction.

Brain tumor classification involves a different form of input aggregation, where multimodal MRI
sequences are combined at the patient level. Montaha et al. [131] used a TimeDistributed-CNN-LSTM
framework for glioma grading with BraTS MRI. The four standard modalities, T1, T1ce, T2, and FLAIR,
were treated as complementary patient-level inputs for distinguishing high-grade and low-grade gliomas.
This setting highlights the diagnostic value of integrating sequence-specific information in tumor-related
classification.

In musculoskeletal MRI, detection tasks may combine categorical prediction with anatomical local-
ization. Tack et al. [132] developed a multi-task deep learning method for meniscal tear detection using
OAI knee MRI. The model predicts tears in specific meniscal subregions and incorporates bounding-box
regression, indicating that classification-oriented outputs can be extended with region-aware localization.

Knee osteoarthritis detection further shows how large clinical cohorts and incomplete supervision can
shape model design. Berrimi et al. [133] designed a semi-supervised multi-view MRI framework using OAI
data. By combining labeled and unlabeled MRI scans, the method examines the contribution of different
views to osteoarthritis detection and addresses the partially labeled nature of clinical imaging datasets.

A related study by Berrimi et al. [134] introduced M3NET for multi-view, multimodal, and multi-task
knee injury classification, also using OAI data. The framework combines 3D MRI views with 2D X-ray
images and jointly evaluates cartilage and meniscus damage. This design is closer to realistic diagnostic
practice, where multiple imaging views, complementary modalities, and related tissue abnormalities are
considered together.

Table 19 summarizes these representative studies in terms of dataset source, prediction level, input
paradigm, and evaluation metrics, rather than detailed network architecture.

Table 19: Representative studies for detection, diagnosis, and classification tasks in 3D MRI-based computer vision.

Study Dataset Downstream
Task

Label or Prediction
Level Input Paradigm Evaluation

Metrics

Rehman
et al. [130] ADNI

Multi-class
Alzheimer’s

disease
classification

Subject-level
diagnosis, including
CN, MCI, and AD

categories

3D MRI with axial,
coronal, and sagittal
multi-plane feature

fusion

Accuracy, recall,
F1-score, AUC

Montaha
et al. [131] BraTS

High-grade vs.
low-grade glioma

classification

Patient-level tumor
grade

Multimodal Full 3D
MRI sequences

Accuracy,
precision, recall,

F1-score,
specificity, AUC

Tack
et al. [132] OAI Meniscal tear

detection

Region-level
detection in medial
and lateral meniscus

subregions

Complete 3D MRI
with ROI-aware

multi-task learning

ROC curves and
subregion-level

AUC values

(Continued)
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Table 19 (continued)

Study Dataset Downstream
Task

Label or Prediction
Level Input Paradigm Evaluation

Metrics

Berrimi
et al. [133] OAI

Knee
osteoarthritis

detection

Subject-level disease
detection

3D MRI with
multi-view and

semi-supervised
learning

Accuracy and
AUC

Berrimi
et al. [134]

OAI; knee
MRI and

X-ray

Meniscus and
cartilage damage

classification

Multi-task injury
classification

Multiview 3D MRI
combined with 2D

X-ray imaging

AUC for cartilage
damage and

meniscus damage
detection

Overall, detection, diagnosis, and classification tasks provide a broad testbed for 3D MRI-based
computer vision. Their methodological diversity reflects the diversity of clinical questions and dataset
structures. Rather than treating the classifier architecture as the main object of comparison, these studies are
best understood by examining how the available MRI data are organized into inputs, how those inputs are
linked to clinically meaningful prediction targets, and how evaluation metrics reflect the intended unit of
clinical decision-making.

5.2 Segmentation and Lesion Delineation
5.2.1 Task Definition and Evaluation Metrics

Segmentation and lesion delineation aim to assign a label to each pixel or voxel. The output is therefore
a spatial mask that delineates anatomical structures, lesions, tumors, or pathological subregions [135–139].
The input paradigm is particularly important in segmentation. 2D slice-based models are computationally
efficient and can increase the number of training samples by decomposing 3D volumes into slices, but
they may lose inter-slice continuity. Full 3D models preserve volumetric context and lesion morphology
more directly, but they require more GPU memory and are sensitive to dataset size, patch sampling, and
preprocessing. Multimodal MRI further adds another layer of complexity because different sequences may
highlight different tissue characteristics. Thus, segmentation studies should be interpreted through the
relationship among annotation type, input organization, anatomical target, and evaluation unit [140–144].

Segmentation performance is commonly assessed using overlap-based and boundary-based metrics.
Recent discussions on medical image segmentation evaluation emphasize that no single metric fully captures
segmentation quality, and that overlap metrics such as Dice and Jaccard should be interpreted together with
boundary-distance metrics such as Hausdorff distance or average surface distance when contour accuracy is
clinically important [145,146].

Let P denote the predicted segmentation mask and G denote the ground-truth mask. The Dice similarity
coefficient, also called Dice score or DSC, is one of the most widely used metrics in medical image
segmentation as shown in Eq. (7):

Dice = DSC = 2 ∣ P ∩G ∣
∣ P ∣ + ∣ G ∣ (7)

Dice measures the spatial overlap between the predicted and reference masks. A higher Dice score
indicates better regional agreement.
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Another common overlap metric is Intersection over Union, also known as the Jaccard index, as shown
in Eq. (8):

IoU = Jaccard = ∣ P ∩G ∣
∣ P ∪G ∣ (8)

IoU also measures the agreement between prediction and ground truth, but it uses the union of the two
masks as the denominator. Dice and IoU are mathematically related, but Dice is more frequently reported in
many medical image segmentation benchmarks.

For lesion-level segmentation, previously defined classification metrics such as precision, recall, and F1-
score can also be applied at the lesion level rather than the voxel level. This is useful when the number of
correctly detected lesions matters, especially for small or multiple lesions [147].

Boundary-based metrics are also important because high overlap does not always imply accurate
contour delineation. The Hausdorff distance measures the largest boundary discrepancy between the
predicted and reference masks, as Eq. (9):

HD(P, G) =max
⎧⎪⎪⎨⎪⎪⎩

sup
p∈∂P

inf
g∈∂G

d(p, g), sup
g∈∂G

inf
p∈∂P

d(g , p)
⎫⎪⎪⎬⎪⎪⎭

(9)

where ∂P and ∂G denote the boundaries of the predicted and ground-truth masks, and d(p, g) is the distance
between boundary points. Since the standard Hausdorff distance is sensitive to outliers, many medical
segmentation studies report the 95th percentile Hausdorff distance, as Eq. (10):

HD95 = percentil e95 (d(∂P, ∂G)) (10)

Average surface distance (ASD) is another boundary-related metric, as Eq. (11):

ASD(P, G) = 1
∣ ∂P ∣ + ∣ ∂G ∣

⎛
⎝ ∑p∈∂P

min
g∈∂G

d(p, g) + ∑
g∈∂G

min
p∈∂P

d(g , p)
⎞
⎠

(11)

ASD reflects the average boundary mismatch between the predicted and reference surfaces. In general,
Dice and IoU evaluate regional overlap, whereas HD95 and ASD evaluate boundary accuracy.

Therefore, segmentation studies should report metrics that match the clinical objective: overlap metrics
are useful for estimating lesion or structure extent, while boundary metrics are important for tasks requiring
accurate contour delineation, such as tumor margin assessment, surgical planning, or radiotherapy plan-
ning [148–150]. The interpretation of these metrics also depends on the input paradigm and the dimensional
level at which predictions are evaluated. A 2D slice-based model may achieve favorable Dice or IoU
scores on individual slices while producing discontinuous, jagged, or anatomically implausible boundaries
after the slices are reassembled into a three-dimensional volume. Such through-plane inconsistencies may
be insufficiently reflected by overlap-based metrics but can lead to larger HD95 or ASD values during
volume-level evaluation.

A 2.5D model incorporates limited neighboring-slice context and may improve through-plane consis-
tency relative to independent 2D processing, although its measured performance depends on the number
and spacing of adjacent slices and on the fusion strategy. Multi-view methods may reduce orientation-specific
errors by combining information from different anatomical planes, but prediction fusion and interpolation
can smooth small structures or introduce disagreement among views. Full 3D models directly optimize
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volumetric predictions and are generally better positioned to preserve spatial continuity, although their
overlap and boundary metrics remain sensitive to voxel anisotropy, resampling, patch aggregation, and
post-processing.

Consequently, comparisons among input paradigms should not rely on Dice alone. Studies should
report whether evaluation is performed per slice or per volume, specify voxel spacing and resampling pro-
cedures, and combine overlap-based metrics with boundary-distance measures when volumetric continuity
and contour accuracy are clinically relevant.

5.2.2 Representative Studies and Methodological Interpretation
Brain tumor segmentation based on BraTS is one of the most common settings in 3D MRI segmentation.

Pedada et al. [151] proposed a modified U-Net for tumor segmentation using BraTS 2017 and BraTS 2018. The
study evaluated tumor regions such as whole tumor, tumor core, and enhancing core, representing a typical
2D or slice-based U-Net-style segmentation approach. It also reflects a common trade-off: 2D methods are
easier to train and less memory-intensive, but may capture less volumetric context than 3D models.

Xing et al. [152] proposed a 3D Dual Encoder Mirror Difference ResU-Net for multimodal brain
tumor segmentation using BraTS 2018 and BraTS 2019. The model used T1, T1ce, T2, and FLAIR images
and processed volumetric information with a full 3D design. This study represents a 3D multimodal
segmentation paradigm, where spatial continuity and complementary MRI sequences are used to delineate
tumor subregions.

Di Matteo et al. [153] studied sub-acute and chronic stroke lesion segmentation using ATLAS v2.0 and
an independent clinical cohort. The work compared T1-only fine-tuning with T1+ FLAIR multimodal fusion
strategies, and the best results were obtained with a late-fusion ensemble. This example extends segmentation
analysis from tumor benchmarks to stroke lesions, clinical transferability, multimodal fusion, and lesion-
volume variability.

Yeoh et al. [154] investigated knee MRI segmentation and osteoarthritis diagnosis using OAI data. Their
3D multi-task model jointly performed knee structure segmentation and OA classification, showing that
segmentation can serve both as an independent anatomical analysis task and as support for downstream
diagnosis. This example also illustrates the role of structure segmentation in musculoskeletal MRI.

Table 20 summarizes these representative segmentation studies according to dataset source, segmenta-
tion target, input paradigm, supervision type, and evaluation metrics.

Table 20: Representative studies for segmentation and lesion delineation tasks in 3D MRI-based computer vision.

Study Dataset Segmentation
Target Input Paradigm Supervision/Label

Type

Main Task
Evaluation

Metrics

Pedada
et al. [151]

BraTS 2017 and
BraTS 2018

Brain tumor regions,
including WT, TC,
and EC (Enhancing

core)

2D/U-Net-style MRI
segmentation

Tumor-region
segmentation

masks

Dice and
Accuracy

Xing
et al. [152]

BraTS 2018 and
BraTS 2019

WT, TC and ET
(Enhancing tumor)

tumor regions

3D multimodal MRI
segmentation

Voxel-level
tumor subregion

masks

Dice and
HD95

(Continued)
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Table 20 (continued)

Study Dataset Segmentation
Target Input Paradigm Supervision/Label

Type

Main Task
Evaluation

Metrics

Di Matteo
et al. [153]

ATLAS v2.0 and
independent

clinical cohort

Sub-acute and
chronic stroke

lesions

T1-weighted and T1
+ FLAIR multimodal

segmentation
Lesion masks

Dice,
lesion-wise

F1-score, ASD

Yeoh
et al. [154] OAI Knee anatomical

structures

3D MRI multi-task
segmentation and

classification

Structure
segmentation

masks
DSC

Overall, segmentation and lesion delineation tasks require evaluation at the voxel, lesion, surface,
or anatomical-structure level. Dice and IoU summarize regional overlap, lesion-wise F1-score reflects
lesion detection consistency, and HD95 or ASD evaluates boundary accuracy. Therefore, segmentation
studies should clearly report the segmentation target, annotation source, input dimensionality, modality
combination, evaluation metric, and whether evaluation is performed per slice, per volume, per lesion, or
per anatomical structure.

5.3 Reconstruction and Image Restoration
5.3.1 Task Definition and Evaluation Metrics

Reconstruction and image restoration aim to recover high-quality MRI images or volumes from
undersampled, incomplete, noisy, corrupted, or artifact-contaminated data. In accelerated MRI, the input is
often undersampled k-space data or zero-filled reconstructions, and the target is a fully sampled or clinically
acceptable reference image. In image restoration, the input may be degraded by noise, motion artifacts,
intensity inhomogeneity, aliasing, or missing information. These tasks are therefore closely related to MRI
acquisition and image-quality enhancement, and are commonly evaluated on datasets such as fastMRI, IXI,
and other structural MRI resources [155–158].

Let X denote the reference image or volume and X̂ denote the reconstructed or restored output. Com-
mon evaluation metrics include voxel-wise error metrics, signal-fidelity metrics, and structural-similarity
metrics. Mean squared error (MSE), root mean squared error (RMSE), and mean absolute error (MAE) are
basic measures of reconstruction error, as shown in Eqs. (12)–(14):

MSE = 1
N

N
∑
i=1
(Xi − X̂i)2 (12)

RMSE =

�
��� 1

N

N
∑
i=1
(Xi − X̂i)2 (13)

MAE = 1
N

N
∑
i=1
∣ Xi − X̂i ∣ (14)

where N denotes the number of pixels or voxels. These metrics quantify global intensity differences between
the reconstructed image and the reference image. Lower values indicate smaller reconstruction errors.
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Normalized mean squared error (NMSE) is widely used in MRI reconstruction benchmarks because it
normalizes the squared error by the energy of the reference image, as Eq. (15):

NMSE = ∥ X − X̂ ∥2
2

∥ X ∥2
2

(15)

Peak signal-to-noise ratio (PSNR) is another common metric for signal fidelity, as Eq. (16):

PSNR = 10 log10 (
MAX2

X
MSE

) (16)

where MAXX is the maximum possible or normalized image intensity. Higher PSNR usually indicates better
reconstruction quality.

Structural similarity index measure (SSIM) is frequently reported to assess whether the reconstructed
image preserves local structural information, as Eq. (17):

SSIM(X , X̂) = (2μX μX̂ + C1)(2σX X̂ + C2)
(μ2

X + μ2
X̂
+ C1)(σ 2

X + σ 2
X̂
+ C2)

(17)

where μ, σ 2 and σX X̂ denote local mean, variance, and covariance, respectively, and C1 and C2 are stability
constants. Compared with MSE or PSNR, SSIM better reflects local contrast and structural similarity and is
therefore commonly used in MRI reconstruction and restoration studies.

Reconstruction and restoration performance is commonly evaluated using error-based metrics, such
as MSE, NMSE, MAE, and RMSE, together with image-quality metrics, such as PSNR and SSIM, as well
as visual assessment. However, high quantitative scores do not necessarily guarantee diagnostic reliability.
Reconstructed images may still lose subtle lesions, smooth anatomical boundaries, or introduce visually
plausible but clinically incorrect details.

5.3.2 Representative Reconstruction and Image Restoration Methods
Recent 3D MRI reconstruction and image restoration studies mainly address accelerated reconstruction

from undersampled k-space data, model-based deep reconstruction, dual-domain learning, and image-
domain restoration. Compared with diagnosis or segmentation, these tasks are more closely linked to the
MRI acquisition process. As a result, many methods combine deep learning with Fourier-domain constraints,
data consistency terms, tensor priors, or multimodal image information.

FAS-Net, introduced by Liu et al. [159], is representative of accelerated high-resolution MRI recon-
struction. The method uses faster Fourier convolution to enlarge the receptive field and reduce global
artifacts, while a split-slice strategy is adopted to lower the memory burden during high-resolution 3D
reconstruction. Experiments on NYU fastMRI and Stanford MRI Data demonstrated its applicability to high-
resolution multi-coil 3D MRI reconstruction, making it a practical example of volumetric reconstruction
under memory constraints.

PALADIN, developed by Wu et al. [160], illustrates a model-based deep reconstruction strategy for 3D
CS (compressed sensing)-MRI. The framework combines tensor low-rank priors, data fidelity, CNN-based
denoising, and learned reconstruction modules within an optimization-based formulation. Rather than
treating the neural network as a purely black-box predictor, this design embeds deep learning components
into an inverse-problem framework with interpretable reconstruction constraints.
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Safari et al. [161] proposed SSAD-MRI, a self-supervised adversarial diffusion model for fast MRI
reconstruction. Unlike supervised reconstruction methods that depend on fully sampled reference data,
SSAD-MRI reconstructs images from undersampled k-space without requiring fully sampled targets during
training. By combining self-supervised data consistency with diffusion-based reconstruction, the method
reduces reliance on fully sampled datasets and improves robustness under high acceleration and domain-
shift settings.

AMC-Net, proposed by Li et al. [88], represents a dual-domain reconstruction approach. The model
processes k-space and image-domain information in parallel and enables interaction between the two
branches. Its multimodal feature-fusion design further suggests that reconstruction can benefit not only from
physical-domain correspondence, but also from structural information provided by related MRI modalities.

Table 21 summarizes these representative reconstruction and restoration studies according to dataset
source, reconstruction target, input paradigm, main methodological design, and evaluation metrics. Unlike
classification and segmentation, reconstruction outputs are still images or volumes rather than labels
or masks.

Table 21: Representative studies for reconstruction and image restoration tasks in 3D MRI-based computer vision.

Study Dataset
Reconstruction
or Restoration

Target
Input Paradigm Main Model Design Main Task

Evaluation Metrics

Liu
et al. [159]

fastMRI;
Stanford

MRI Data

Accelerated MRI
reconstruction

2D/3D multi-coil
k-space

FasterFC-based FAS-Net
with split-slice 3D

reconstruction

PSNR, SSIM, NMSE,
time

Wu
et al. [160]

IXI;
fastMRI

3D CS-MRI
reconstruction

3D
undersampled

k-space

PALADIN with tensor
prior, plug-and-play

denoiser, and
reconstructor

PSNR, SSIM, visual
error maps,

convergence analysis

Safari
et al. [161]

fastMRI;
MPI-

Leipzig

Self-supervised
fast MRI

reconstruction

Single-/multi-coil
undersampled

k-space

SSAD-MRI with mask
partition and adversarial

diffusion
NMSE, PSNR, SSIM

Li
et al. [88]

IXI; BraTS
2018

Multimodal MRI
reconstruction

Dual-domain
and multimodal

input

AMC-Net with
k-space/image-domain
crossing and modality

fusion

PSNR, SSIM, MSE

Overall, these studies suggest that current MRI reconstruction research is moving toward frameworks
that combine k-space consistency, volumetric or cross-slice information, learned priors, multimodal cues,
and self-supervised training strategies.

5.4 Super-Resolution
5.4.1 Task Definition and Evaluation Metrics

Super-resolution is an image enhancement task that aims to reconstruct high-resolution MRI images
or volumes from low-resolution inputs. In 3D MRI analysis, this task is particularly important because
high spatial resolution is usually associated with longer acquisition time, lower signal-to-noise ratio,
greater sensitivity to patient motion, and higher imaging cost. Therefore, MRI super-resolution provides
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a computational strategy for improving apparent spatial resolution without directly increasing scanning
burden [162–165].

Let XLR denote the low-resolution MRI input and XHR denote the corresponding high-resolution refer-
ence image or volume. A super-resolution model learns a mapping function fθ to generate a super-resolved
output XSR , as shown in Eq. (18):

XSR = fθ(XLR) (18)

where XSR is expected to approximate XHR . In 3D MRI, the low-resolution input may be generated by down-
sampling an isotropic high-resolution volume, reducing through-plane resolution, simulating anisotropic
acquisition, or truncating k-space to imitate low-resolution acquisition. Depending on the input paradigm,
MRI super-resolution methods can be implemented using 2D slice-based networks, 2.5D networks, multi-
view networks, or full 3D volumetric networks. The scale factor is usually reported as ×2, ×3, or ×4, and may
be applied in-plane, through-plane, or isotropically across all three spatial dimensions.

A common degradation process for MRI super-resolution can be described as Eq. (19):

XLR = Ds(B(XHR)) + n (19)

where B(⋅) denotes image blurring, Ds(⋅) denotes downsampling with scale factor s, and n denotes noise.
In practice, the true degradation process is often unknown and may vary across scanners, field

strengths, sequences, anatomical regions, and acquisition protocols. Therefore, many studies construct
paired training data using synthetic degradation, such as bicubic interpolation, Fourier-domain truncation,
k-space cropping, or slice-thickness simulation.

The evaluation of MRI super-resolution commonly includes signal-fidelity, structural-similarity,
perceptual-quality, volumetric-consistency, and downstream-task measures. PSNR and SSIM remain the
most frequently reported metrics for comparing super-resolved outputs with high-resolution references.
Error-based metrics such as MSE, MAE, RMSE, and NRMSE are also used to quantify voxel-wise differences.
In the context of super-resolution, they should be interpreted together with the scale factor and degradation
model, because results obtained under different downsampling settings are not directly comparable.

Beyond conventional image-quality metrics, super-resolution evaluation often requires additional
attention to edge sharpness, texture recovery, and high-frequency detail preservation. This is especially
relevant for GAN-based, Transformer-based, and frequency-aware models, which are often designed to
recover perceptually sharper anatomical boundaries. Some studies therefore use perceptual loss, feature-
space similarity, or visual assessment to evaluate image realism [166,167].

5.4.2 Representative Super-Resolution Methods
Recent 3D MRI super-resolution studies focus on recovering high-resolution volumetric information

from low-resolution, anisotropic, or sparsely sampled MRI data. Compared with reconstruction from under-
sampled k-space, super-resolution mainly emphasizes spatial detail enhancement, high-frequency recovery,
and inter-slice continuity. Existing methods can be roughly divided into 2D slice-based reconstruction,
multi-slice or 2.5D super-resolution, and full 3D volume super-resolution.

Kang et al. [168] proposed MsFF-Net, a multimodal full 3D CNN for T2-weighted MRI super-
resolution. The method uses low-resolution T2w MRI as the primary input and introduces co-registered
high-resolution T1w MRI as an auxiliary source of anatomical detail. A low-frequency information filtering
module suppresses irrelevant low-frequency components from the T1w features, while dense blocks and
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two-scale feature fusion integrate complementary T1w and T2w information before reconstructing the high-
resolution T2w volume. The model was developed using the NAMIC dataset and further evaluated on IXI
to examine cross-dataset generalization.

Nimitha and Ameer [169] developed a multi-slice 2D MRI super-resolution framework. The method
uses three consecutive low-resolution slices as input and combines inter-slice similarity, multi-scale receptive
fields, and slice interpolation to improve volumetric reconstruction. This example bridges 2D and 3D super-
resolution by using adjacent-slice information without relying on full 3D convolution.

Ma et al. [170] proposed DFAN, a Dual Frequency-Aware Network for full 3D MRI volume super-
resolution. The method combines CNN, Fourier-domain operations, gradient priors, and Transformer-based
attention to recover both global low-frequency structure and high-frequency anatomical details. Evaluations
on IXI and BraTS 2021 show its role as a representative full 3D frequency-aware super-resolution method.

Li et al. [171] proposed a pseudo-3D network for MRI super-resolution and motion artifact reduction,
which is categorized as a 2.5D input strategy in the taxonomy used in this review. Adjacent slices are mapped
into the channel dimension to provide partial through-plane context while retaining the efficiency of 2D
networks. This design directly addresses clinical deployment concerns by reducing GPU usage and inference
time while maintaining competitive reconstruction quality.

Table 22 summarizes these representative super-resolution studies according to dataset source, target,
input paradigm, main methodological feature, and evaluation metrics. Together, these studies show that
3D MRI super-resolution spans a range of input designs, from 2D slice-based and tri-planar methods to
multi-slice, 2.5D, and full 3D models.

Table 22: Representative studies for super-resolution tasks in 3D MRI-based computer vision.

Study Dataset Target Input Paradigm Method Feature Metrics

Kang
et al. [168] IXI T2w MRI

super-resolution
Full 3D

multimodal input

Two-scale T1w–T2w
feature fusion with

low-frequency filtering

PSNR, SSIM,
parameters,

FLOPs

Nimitha
and

Ameer [169]
IXI; BraTS 3D MRI

super-resolution
Multi-slice 2D

input

Similarity-distance
fusion, multi-scale

GAN, and slice
interpolation

PSNR, SSIM,
parameters

Ma
et al. [170]

IXI; BraTS
2021

3D MRI volume
super-resolution

Full 3D volume
input

DFAN with
low-/high-frequency
feature modeling and

cross-attention

PSNR, SSIM,
downstream
segmentation

Li
et al. [171] HCP

3D MRI
super-resolution

and image
restoration

2.5D (Pseudo-3D
thin-slab input)

TS-RCAN with
channel-wise

adjacent-slice modeling

PSNR, SSIM,
GPU load,
uncertainty

Overall, recent MRI super-resolution methods are moving toward stronger anatomical detail preser-
vation, better inter-slice consistency, and more clinically feasible computation. GAN-based methods can
improve perceptual sharpness but require careful validation to avoid hallucinated structures. Transformer-
and frequency-aware methods can enhance global context and high-frequency recovery, but may increase
computational cost. 2.5D methods provide a practical compromise between 2D efficiency and 3D spa-
tial awareness.



Comput Model Eng Sci. 2026;148(3):3 39

5.5 Summary of Downstream Computer Vision Tasks
Section 5 reviewed four major downstream tasks in 3D MRI-based computer vision: detec-

tion/diagnosis, segmentation, reconstruction/restoration, and super-resolution. These tasks differ in their
prediction targets, output structures, and evaluation criteria. Detection and diagnosis generally produce
subject-, lesion-, or region-level predictions and are commonly evaluated using accuracy, sensitivity, speci-
ficity, AUC, precision, recall, and F1-score. Segmentation is usually assessed using overlap-based metrics,
such as the Dice score and IoU/Jaccard index, together with boundary-based metrics, such as the Hausdorff
distance or HD95 and Average Surface Distance. Reconstruction, restoration, and super-resolution focus on
recovering or enhancing image and volume data, with performance often reported using error-based metrics
such as MSE, NMSE, MAE, and RMSE, together with image-quality metrics such as PSNR and SSIM and,
where appropriate, visual assessment.

Across these tasks, the choice of input paradigm remains closely tied to the expected output. Full 3D
models are advantageous when volumetric continuity is central to the task, particularly in segmentation,
reconstruction, and super-resolution. In contrast, 2D, 2.5D, and multi-view strategies remain useful when
computation, model reuse, training data, or annotation availability constrain the use of fully volumetric
processing.

Taken together, 3D MRI analysis is better understood as a family of task-specific pipelines than as
a single unified problem. Detection and diagnosis emphasize discriminative representation, segmentation
depends on spatial delineation, reconstruction and restoration prioritize image fidelity, and super-resolution
aims to recover resolution and anatomical detail. This task-level distinction is important because the same
MRI volume may require different input representations, model designs, and evaluation criteria depending
on the intended application.

6 Current Status and Future Directions

6.1 Current Status of 3D MRI-Based Computer Vision
The studies reviewed in the previous sections show that 3D MRI-based computer vision has developed

into a multi-task research field covering detection/diagnosis, segmentation, reconstruction/restoration, and
super-resolution. These tasks have benefited from the rapid progress of CNNs, U-Net variants, transformers,
generative models, diffusion models, self-supervised learning, and multimodal fusion. Publicly available
datasets such as BraTS, ADNI, OASIS, IXI, HCP, OAI, and fastMRI have also provided important empirical
foundations for benchmarking and method development.

However, a central observation emerging from this review is that the use of 3D MRI data remains only
partially aligned with the intrinsic structure of MRI volumes. In many studies, MRI is technically available
as a volumetric image, but the model input is still organized as 2D slices, selected views, cropped patches,
or global volumes without explicit structural reasoning. This is understandable because 3D MRI volumes
are computationally expensive, heterogeneous across scanners and protocols, and often difficult to annotate.
Nevertheless, it also means that the full potential of 3D MRI as a spatial, volumetric, and anatomically
continuous data source has not yet been fully exploited.

This limitation is especially evident when comparing the nature of MRI data with the way downstream
tasks are formulated. A 3D MRI volume is not only a collection of image intensities. It contains spatial
continuity, anatomical orientation, tissue boundaries, lesion morphology, volumetric extent, and inter-organ
or intra-organ relationships. Yet many existing pipelines reduce this rich structure to task-specific labels,
masks, or image-quality scores. Therefore, future research should pay more attention not only to network
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architecture, but also to how MRI data are represented, sampled, viewed, localized, interacted with, and
connected to clinical information.

6.2 From Global Image-Level Prediction to Lesion-Centered Representation
An important future direction is to move from global image-level prediction toward lesion-centered and

structure-aware representation. In many detection or diagnosis studies, 3D MRI is treated as a whole-volume
input for binary or multi-class classification, such as disease diagnosis, tumor grading, or disease-stage
prediction. This formulation is easy to implement and fits standard classification networks, but it differs
from object detection in natural images, where the target object is usually localized through bounding boxes,
region proposals, or instance-level annotations.

This issue is especially relevant to brain tumor MRI. BraTS provides multimodal 3D MRI volumes with
voxel-level tumor annotations, and tumor lesions have clear spatial properties such as boundary, shape,
volume, and distribution. These annotations can support three-dimensional contour, surface, or region-
based analysis. However, many diagnosis-oriented studies still use the whole image or large patches as input
and optimize a global classification objective. Such models may capture disease-related signals, but they often
provide limited lesion-level localization, explanation, or explicit modeling of tumor morphology.

Segmentation partly addresses this problem by separating lesion from background tissue. However, a
voxel-wise mask does not automatically provide a structured lesion representation. It identifies where the
lesion is, but does not necessarily describe its geometry, boundary pattern, multi-view appearance, growth
tendency, or spatial relationship with surrounding anatomy. Future studies may therefore explore interme-
diate representations between segmentation and diagnosis, such as lesion-centered graphs, tumor-surface
features, boundary-aware descriptors, volumetric shape embeddings, and region-specific diagnostic models.

For tumor-related detection and diagnosis, this shift may improve both interpretability and clinical
relevance. Instead of relying only on global MRI volumes, models could first identify lesion regions and
then extract features related to tumor margin, necrotic core, edema distribution, enhancing rim, mass effect,
and adjacency to critical structures. This design is closer to clinical reasoning, where radiologists assess not
only whether a lesion exists, but also its location, margin, enhancement pattern, internal heterogeneity, and
relationship with nearby anatomy.

Data scarcity, annotation cost, and class imbalance also influence the transition from global image-level
analysis to lesion-centered representation. Processing a volume as 2D slices can increase the apparent number
of training samples and reduce the cost of model optimization, but slices from the same subject are highly
correlated and do not provide independent subject-level evidence. Full 3D approaches preserve volumetric
context but generally require more memory and, for segmentation tasks, costly voxel-level annotations. They
may also be strongly affected by class imbalance because lesions often occupy only a small proportion of the
complete MRI volume. In such settings, 2.5D inputs or lesion-centered 3D patches can provide a practical
compromise by incorporating local spatial context while reducing the amount of background processed by
the model. However, overly localized sampling may remove clinically relevant global anatomy or introduce
sampling bias. Future studies should therefore select the input paradigm together with the annotation level,
lesion prevalence, and sampling strategy.

6.3 Beyond Orthogonal Slices: Arbitrary-Plane and Lesion-Oriented Views
Another promising direction is to move beyond fixed orthogonal views. Most slice-based and multi-

view MRI methods rely on axial, coronal, and sagittal planes because these planes are standardized, easy to
extract, and naturally aligned with the image grid. They also correspond to the routine viewing coordinates
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used in clinical interpretation. In contrast, oblique multiplanar reconstruction is generally used for targeted
assessment along specific anatomical, pathological, or surgical orientations.

Nevertheless, the three orthogonal planes are not the only meaningful representations of a 3D MRI
volume. After reconstruction and spatial normalization, MRI data can be resliced into arbitrary planes and
visualized through oblique views, volume rendering, or surface rendering based on segmentation masks.
This opens a less explored direction for computer vision: models may learn or generate task-adaptive views
rather than relying only on predefined anatomical planes.

Such representations may be especially useful for lesion analysis. Tumors and other lesions often do not
follow axial, coronal, or sagittal orientations. Their longest axis, invasive margin, edema spread, and spatial
relationship with the ventricles, cortex, or neighboring structures may be more clearly represented from
oblique or lesion-centered planes. Future methods could therefore define views according to lesion centroid,
principal axes, boundary curvature, or surrounding anatomical landmarks, allowing the model to examine
pathological structures from more informative directions.

This perspective also connects 2D, 2.5D, multi-view, and full 3D paradigms. Instead of treating these
input types as fixed categories, MRI representation could be formulated as a view-selection problem. A
model might dynamically sample informative planes from a 3D volume, including orthogonal planes, oblique
planes, lesion-centered planes, and surface-oriented projections. Such a strategy could reduce computation
compared with dense full 3D processing while preserving more lesion-specific geometry than conventional
slice-wise input.

Arbitrary-plane reslicing, however, requires careful interpretation. Although technically feasible, dif-
ferent planes may not contain the same amount of acquired information, especially when thick-slice 2D
acquisitions are resampled into a 3D volume. Future studies should distinguish clearly among acquired
planes, reconstructed planes, orthogonal multiplanar reconstruction, oblique multiplanar reconstruction,
and truly isotropic 3D acquisition. This distinction is important for model design, performance interpreta-
tion, and clinical validity.

Explainability should also be considered in relation to the underlying MRI input representation. For
2D models, Grad-CAM and saliency maps can identify influential regions within individual slices, but
slice-wise explanations may not preserve volumetric continuity. In 2.5D and multi-view models, attribution
results may further depend on how information is fused across adjacent slices or anatomical planes. Full
3D models can provide volumetric saliency or attention maps that are more directly aligned with three-
dimensional anatomy, although their interpretation and visualization are more complex. A recent study
using 3D structural MRI showed that models with similar classification performance could nevertheless rely
on markedly different and not always anatomically plausible regions [172]. Future studies should therefore
evaluate the spatial consistency, anatomical plausibility, and stability of explanations rather than presenting
qualitative heatmaps alone.

6.4 Emerging Extensions of 3D MRI Representation
Beyond the established 2D, 2.5D, full 3D, and multi-view paradigms, the reviewed corpus also revealed

several early-stage extensions of 3D MRI representation. Among the 178 included studies, one study
explored interactive AR/VR (augmented reality/virtual reality)-based visualization and one investigated
vision–language integration.

Khedir et al. [173] combined 3D tumor segmentation with interactive augmented-reality visualization,
extending MRI analysis from voxel-level prediction to spatial presentation and user interaction. Such
systems may support the inspection of lesion geometry and anatomical relationships, but their practical use



42 Comput Model Eng Sci. 2026;148(3):3

depends on reliable segmentation, registration, surface reconstruction, real-time rendering, and clinically
appropriate visualization.

Yoon et al. [174] integrated whole-volume 3D MRI with language-form clinical information from
OASIS-3 and OASIS-4 through contrastive vision–language learning. This approach extends the representa-
tion problem from image-only modeling to the alignment of volumetric MRI with clinical text and metadata.
Future multimodal systems may further combine MRI with radiology reports, demographic variables,
cognitive assessments, electronic health records, radiomic features, genomic information, and pathology
data. Such integration may support more comprehensive disease characterization, but it also introduces
challenges related to missing modalities, heterogeneous data scales, cross-modal inconsistency, temporal
mismatch, and interpretability.

Foundation models [175] and self-supervised learning [176] represent related model- and training-
level developments that may further influence how 3D MRI representations are learned and transferred.
Large-scale or self-supervised pretraining may reduce dependence on dense annotations and improve
transfer across datasets and downstream tasks. However, such transfer should not be assumed from internal
validation alone, because differences in scanner hardware, acquisition protocols, preprocessing pipelines,
disease distribution, and patient demographics may still produce substantial domain shifts at independent
institutions. These approaches also do not replace the input paradigms examined in this review. Whether a
model is pretrained, multimodal, or language-aligned, volumetric MRI must still be organized as 2D slices,
limited inter-slice representations, full 3D volumes or patches, or multiple anatomical views. Future research
should therefore examine how these emerging learning strategies interact with spatial representation,
computational cost, volumetric-context preservation, and cross-dataset or multi-center generalization.

Overall, the small number of AR/VR and vision–language studies identified in the 178-study corpus
suggests that interactive visualization and multimodal language integration remain exploratory directions.
Foundation-model and self-supervised approaches may further broaden these emerging extensions, but their
value for 3D MRI will still depend on an appropriate representation of the underlying volumetric data.

7 Conclusion and Limitations
This review examined recent 3D MRI-based computer vision studies from the perspectives of dataset

families, input paradigms, downstream tasks, and evaluation practices. The reviewed literature was organized
around four major input paradigms—2D, 2.5D, full 3D, and multi-view representations—and four broad
task categories: detection/diagnosis, segmentation, reconstruction/restoration, and super-resolution.

The findings show that input representation is a central methodological choice in 3D MRI analysis. Full
3D modeling was the most frequently used paradigm, particularly for segmentation and reconstruction-
related tasks. However, this pattern reflects its prevalence in the reviewed literature rather than evidence
of universal superiority. Two-dimensional, 2.5D, and multi-view approaches remain valuable when com-
putational resources, annotation availability, sample size, or deployment conditions are limited. The choice
of input paradigm should therefore be made jointly with consideration of dataset characteristics, task
requirements, and practical constraints.

Several limitations should be acknowledged. First, the review focused on peer-reviewed journal articles
indexed in the Web of Science Core Collection between 2021 and 2026. Relevant conference papers,
preprints, studies indexed only in other databases, and articles with insufficiently reported input strategies
may therefore have been excluded. Second, the requirement for publicly available datasets may have
underrepresented studies based on proprietary clinical data, and the resulting corpus was dominated by
neuroimaging applications.
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Third, no quantitative meta-analysis was performed because the included studies differed substantially
in datasets, cohort composition, data splits, preprocessing procedures, outcome definitions, and evaluation
metrics. Reported performance values were therefore not pooled or used to establish the comparative
effectiveness of different models or input paradigms.

Fourth, a formal study-level risk-of-bias assessment was not conducted. The purpose of this review
was to map methodological patterns rather than to estimate a common clinical or predictive effect, and
the included studies covered heterogeneous tasks for which no single conventional risk-of-bias tool was
applicable. Accordingly, the findings should be interpreted as descriptive patterns in the literature rather
than as evidence that one model or representation strategy is superior. Potential concerns, including data
leakage, limited external validation, incomplete reporting of preprocessing, and selective metric reporting,
were considered narratively.

Finally, the use of dominant dataset, input, and task categories simplified studies involving multiple
datasets, hybrid representations, or auxiliary objectives. Although this approach improved interpretability,
it may have obscured some within-study complexity.

Overall, this review highlights that progress in 3D MRI-based computer vision depends not only on
model architecture but also on task-appropriate data representation. Future research should emphasize
transparent preprocessing, independent and external validation, consistent reporting of uncertainty and
computational cost, and clinically interpretable evaluation.
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