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Abstract—Deep learning has transformed medical image anal-
ysis. However, building effective models for volumetric data,
such as CT, MRI, and PET scans, presents a new set of
challenges. These include high computational costs, limited an-
notated datasets, and the need for architectures that can process
volumetric data directly. This survey provides a comprehensive
overview of recent advances in deep neural network architectures
specifically designed for 3D medical imaging. We analyze the
progression of architectural choices along the years, highlight-
ing their innovations and applicability. In addition, we review
training strategies such as supervised/self-supervised pretraining
and the development of general-purpose 3D foundational models.
Also, a comprehensive overview of 3D medical imaging datasets
and their associated tasks is presented in the supplementary
materials, highlighting the diverse clinical objectives that deep
learning models can support across healthcare and diagnostic
applications. A dedicated section addresses the emerging field of
explainability in volumetric contexts, emphasizing the limitations
of adapting 2D explainability-focused tools and the importance
of 3D-native explanation frameworks. We conclude by outlining
the key trends in the field of 3D medical imaging.

Index Terms—3D medical imaging, Deep learning, Self-
supervised learning, Explainable Al, Volumetric segmentation

I. INTRODUCTION

The field of Computer Vision (CV) has evolved significantly
in recent decades, driven primarily by the growing number of
Machine Learning (ML) studies and, more recently, by the
widespread adoption of Deep Learning (DL) [1l]. In tasks
involving 2D images, DL models have achieved human-
level performance across several domains, leveraging large
datasets and well-optimized architectures [2]]. Naturally, these
approaches are being extended to 3D domains, which offer the
potential to capture richer and more informative volumetric
representations [3) 4]. Three-dimensional, or volumetric, data
can be obtained directly from medical contexts, such as
Magnetic Resonance Imaging (MRI), Computed Tomography
(CT), and Positron Emission Tomography (PET) scans [2|
S, 6]. The integration of such data with DL opens up new
opportunities for advanced models and systems, but it also
introduces a distinct set of limitations and challenges [3} [7].

The challenges associated with volumetric data increase sig-
nificantly compared to 2D data, as these data add a new spatial
dimension in each layer processed by the model, resulting in
an even greater need for computational resources to process
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the convolutions [2, |5} 6]. Beyond computational limitations,
there is a scarcity of annotated data [7, |8]]. This occurs because
the process of annotation can only be performed by specialized
professionals, such as physicians and radiologists, leading to
a higher financial cost, as a single sample can take hours to
label across all its slices [2l 4, [7]. Additionally, there is a
limitation in the quantity and modality of available data, since
volumetric datasets have few samples and diverse modalities
(e.g. MRIs, CTs, PETs), resulting in variations in contrast,
resolution, noise, and semantic content |3, |8]].

This survey aims to review recent advances in the appli-
cation of DL to 3D medical data, with an emphasis on the
inherent challenges of this domain and emerging strategies to
overcome these limitations. There are multiple other surveys
on ML and volumetric medical imaging describing general
aspects [2]] of this intersection and focusing on specific tasks
as segmentation [3} |7, 9], bounding box detection [10] and
COVID-19 detection and classification [4]]. This research fo-
cuses specifically on Deep Neural Network (DNN) models
that operate directly on 3D data representations, excluding
approaches based solely on 2D slices or intermediate 2.5D
strategies. We expand on these previous surveys by providing a
discussion on modern methods for volumetric medical imaging
analysis based on DL. We also map the main public datasets
and tasks in volumetric medical imaging. At the time of this
survey, no existing study provides a comprehensive overview
encompassing all the tasks and corresponding datasets in
this domain. However, a curated collection of several key
datasets and their associated tasks is available on this paper’s
supplementary materials. By consolidating this overview, we
aim to provide a comprehensive and up-to-date review that can
serve as a basis for researchers and professionals working at
the intersection of medical imaging and ML. Supplementary
material, including datasets, links and tables of our literature
mapping can be seen in this project’s Webpageﬂ

II. VOLUMETRIC MEDICAL TASKS

Organ, Tissue and Tumor Segmentation: Image segmenta-
tion is a fundamental task that involves analyzing each voxel
of an image to assign labels that define regions or boundaries.
It is commonly subdivided into two categories: semantic and
instance segmentation. Semantic segmentation assigns a class
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Fig. 1. Timeline for volumetric models, including architectures and Transfer Learning, Self-Supervised Learning and Foundational Model strategies.

to every voxel, generating a class map that distinguishes,
e.g., healthy tissue from lesions. Instance segmentation, on
the other hand, identifies and separates individual objects
within the same class. These tasks can be applied to various
fields within medicine, e.g., brain tumor segmentation, organ
volumetry, and the detection of internal lesions [2]. Such
segmentations are frequently performed on 3D data, such
as CT and MRI scans, and support more accurate clinical
decisions, from disease diagnosis and monitoring to surgical
planning [7].

Object Detection: Object Detection is a CV task focused on
identifying and localizing objects of interest within an image,
typically by drawing rectangular bounding boxes (bboxes)
around them. While it may seem similar to instance segmen-
tation, the two differ in how they delineate objects. Object
detection uses bboxes, whereas instance segmentation pro-
vides voxel-level outlines. In medical imaging, this ability
to accurately locate and identify anatomical or pathological
structures is essential [L1) [12]], serving as a foundation for
various diagnostic and interventional procedures.

Diagnosis: The diagnostic task in medical imaging consists of
classifying a region by predicting the presence or absence of
a disease or condition [2, 4]]. In this context, instead of seg-
menting or locating a particular structure, the goal is to infer a
label that represents the pathology or clinical state in question.
Unlike segmentation or object detection, classification-based
diagnosis does not rely on voxel-wise labels or bboxes. How-
ever, it presents greater interpretability challenges, as models
must extract discriminative features [[13]] from potentially small
regions within the entire volume, without explicit guidance on
where the disease or condition is located. Sec. [[V] covers the
explainability challenges related to such tasks.

Miscelaneous Tasks: Other complementary tasks hold sub-
stantial clinical relevance and occur at various stages of the
medical workflow. Image registration [6], e.g., is critical in 3D
imaging, enabling the alignment of volumes acquired at differ-
ent time points or through different modalities. This process is
particularly important in MRI [14]], where accurate alignment
is essential for non-invasive comparisons of longitudinal scans.
Surgical planning [15] is another key task, where volumetric
data are used for surgical navigation or simulation. Finally,

longitudinal analysis [16] of sequential scans supports the
monitoring of disease progression over time.

III. LEARNING FROM 3D DATA

CV for natural images has advanced in an accelerating
pace since the resurgence of Convolutional Neural Networks
(CNNs) in the 2010’s [1]]. Soon after the proposal of tra-
ditional CNNs for object recognition, these networks were
adapted for segmentation and object detection tasks. Another
major development happened when the attention mechanism
was proposed [17)]. In the early 2020’s Vision Transform-
ers (ViTs) [18]], CV networks fully based on the attention
mechanism were proposed, also being quickly adapted to
segmentation and detection.

DL for 2D medical applications followed similar trends to
the traditional models for CV. CNNs were repurposed to clas-
sify medical images in 2D scenarios [19], while UNets [20]
were proposed initially to segment medical images and only
afterwards gained popularity in the CV literature for natural
images. Detection networks also did not take long to be applied
to medical images [12]. RGB-based models were adapted for
2D medical imaging, as this domain is closer to natural images
than 3D data, which requires more elaborate strategies.

All of these modern learning strategies have major draw-
backs when applied to 3D medical tasks (Sec. [l): 1) lack
of very large annotated medical datasets; 2) focus on RGB
images; 3) architectures hardcoded for 2D images; 4) pro-
hibitive memory costs of adapting the architectures to 3D
data. Therefore, distinct customized approaches specifically
designed for 3D medical images were proposed to deal with
these incompatibilities. Such strategies will be further dis-

cussed in Sec. [[I[=A] and [[II=Bl

A. 3D Neural Network Architectures

Due to the inherently more computationally expensive na-
ture of volumetric images, Neural Networks for 3D medical
data took longer to be developed. The first popular efforts
to train DNNs in volumetric radiology were convolutional
architectures designed to be more parameter efficient than their
2D counterparts aiming for a smaller memory footprint. 3D
UNets [21] and V-Nets [22], for instance, are highly inspired



in 2D UNets [20], both being encoder-decoders with a large
amount of skip connections and trainable upsampling via
transposed convolutions. Striding for better memory efficiency,
these architectures have less encoder/decoder symmetric pairs,
considerably less channels per convolutional layer and are
designed to receive smaller input volumes.Concurrently to
these encoder-decoder architectures, FCN-like architectures
were also developed for 3D medical image segmentation, as in
HighRes3DNet [23] and 3D-DenseSeg [24]. These networks
adapt traditional 2D architectures receiving smaller 3D input
volumes in order to decrease memory usage, while still pre-
serving representation capacity.

Despite the large computational requirements of the atten-
tion operation [17], hybrid models based on trainable convo-
lutions paired with attention mechanisms were also applied to
3D medical imaging recognition [25) 26]]. Multiple convolu-
tional strategies started using the attention mechanism in clever
ways, for instance by placing a fully fledged Transformer
encoder between a convolutional Encoder-Decoder, similarly
to CoTr [26] and TransBTS [235]. Lately, volumetric DNN ar-
chitectures have been proposed that are based mainly, or even
solely, on the attention operation [27H30], incorporating novel
designs to mitigate the high computational costs compared
to convolutions. Such as, VT-UNet [30], the only full Trans-
former identified in our review, employs a 3D patch merging
scheme on the encoder, instead of the traditional downsam-
pling used in UNet-like architectures, reducing complexity via
an information bottleneck. In parallel, other strategies merge
Transformer encoders with convolutional decoders, such as
in UNETR [27] and SegFormer3D [29]. While the former
includes a convolutional UNet-like decoder, the latter is closer
to an FCN architecture, using interpolation for upsampling.
nnFormer [28] offers a different approach, interleaving self-
attention with convolutional blocks for spatial downsampling.

The earlier mentioned segmentation methods are trained us-
ing either the Cross-Entropy (CE) loss (e.g. 3D U-Net [21] and
3D-DenseSeg [24]) and/or the Dice loss (e.g. VNet [22]], High-
Res3DNet [23]] and TransBTS [25]). All of the most recent
architectures (e.g. CoTr [26], UNETR [27], VT-UNet [30],
nnFormer [28]], SegFormer3D [29]] and HResFormer [31])) use
a weighted or non-weighted combination of Dice+CE.

In addition to segmentation tasks, there are 3D Object
Detection (3DOD) DNNs adapted from the traditional two-
stage Faster R-CNN [32] and single-stage YOLO [33] ar-
chitectures. Instead of delivering a voxel-wise classification
as in segmentation methods, these models aim to produce
a set of volumetric bboxes encoded by 6 points that define
the object’s location in 3D space. However, there are also a
myriad of works that treat the 3DOD task in medical images
as a coarse segmentation task [10]. For more information on
3DOD, we refer the readers to the survey conducted by Kern
and Mastmeyer [10].

In summary, the evolution of architectures for learning 3D
medical images reflects a continuous movement of adapta-
tion and innovation: from the first volumetric versions of
CNNs, designed to be lighter and more memory-efficient,

through hybrid models that combine convolutions and atten-
tion, to recent Transformer architectures. Each advancement
has sought to balance representation power and computational
cost, highlighting the persistent challenge of fully exploiting
the richness of volumetric data without compromising the
practical feasibility of training and clinical application.

B. Training Strategies for Volumetric Learning

Another branch of strategies for automated volumetric data
analysis using DNNs regards the generalizability of such
models for novel domains or even Out-of-Distribution (OOD)
data from the same domains. Our research highlights three
main branches: 1) supervised pretraining and multi-task learn-
ing; 2) Self-Supervised Learning (SSL); and 3) volumetric
Foundational Models (FMs). These strategies will be detailed
in the following paragraphs.

Regarding supervised knowledge transfer via multi-task
learning, the Med3D [34] network architecture employs a
multi-task learning scheme that aims to encourage cross-
modality transfer learning in volumetric images. This FCN-
like strategy uses a relatively standard 3D version of ResNet
coupled with spatial pyramid pooling and multiple segmenta-
tion heads that focus on distinct tasks trained conjointly. This
supervised pretraining strategy yields considerable accuracy
gains ranging from 3% to 20% in OOD target tasks. There are
also multiple efforts that try to perform supervised knowledge
transfer in between 2D and 3D medical data [31} [35].

SSL has also played a crucial role in volumetric image
recognition in recent years [36-44]], mainly with the advent
of large unlabeled 3D datasets (see Sec. [lI). All variants of
SSL can be found in 3D medical imaging, starting in older
transformation prediction pretext tasks (e.g. solving visual puz-
zles [36]], inpainting [37] and rotation prediction [38]]). After
major developments in the early 2020’s on similarity-based
self-supervision that enforced transformation invariance by
encouraging latent representations to be similar across distinct
views of the same image, such models were quickly ported
to 3D data. Both contrastive [41} 45]] and non-contrastive [40]
approaches were developed for pretraining on unlabeled 3D
data by repurposing methods as DINO [46] or SWAV [47].

Due to the inherently expensive nature of such similarity-
based SSL models coming from the necessity of larger batch
sizes either for negative pairs or training stability, these
approaches as vox2vec [45] and Ghesu er al. [41] were
very expensive to train, requiring computational resources,
e.g., GPU memory, that may not be available in most cases.
Masked Image Modeling (MIM) [48] 149]] approaches based
on reconstructing masked patches also were rapidly ported to
volumetric data [50} 51]. One major advantage of purely MIM
self-supervision is that there is no lower limit on batch size,
so these approaches can be trained with very small batches in
order to compensate for the higher computational complexity
of dealing with volumes instead of images.

There are also hybrid models for 3D SSL, usually pairing
either similarity-based or MIM-based self-supervision with
simpler transformation prediction pretraining [39, 42H44} |51}



52]]. Some of the hybrid approaches take into account regu-
larities of the human anatomy, using anatomical information
to guide patch selection when training for similarity [43| |44]]
or indirectly by enforcing the preservation of geometric shape
information in a complementary loss function [51]].

FMs for volumetric images are still relatively scarce in
medical imaging, however there are some initial efforts in
the developments of such highly generalizable models [S3-
57]. Some customized FM approaches as SegVol [53]] and
VISTA3D [56] leverage multiple labeled and unlabeled public
3D image sources for training. As these models aim to be
generalizable in order to be able to segment most organs or
Rols in the human body, the datasets are very comprehensive
in nature, encompassing CT scans, MRIs and PET scans
from the head, abdomen, thorax, pelvis and limbs. BrainSeg-
Founder [55] follows a distinct direction, focusing solely on
Brain MRIs and specializing in brain structure segmentation.

Another branch of 3D FMs repurpose the now very famous
Segment Anything (SAM) model to volumetric imaging [54,
57]. MedLSAM [57] first uses a 3D localization network to
find a 3D bbox and pass the 2D slices inside this bbox to
the 2D SAM model, leading to potential incongruencies when
aggregating the segmented 2D slices. On the other hand, SAM-
Med3D [54] is a fully 3D FM also based on SAM, trained
from scratch on 131k volumes, the largest training effort yet
in volumetric models. FMs usually yield highly generalizable
models that can be used for: 1) zero-shot segmentation of OOD
data; 2) fine-tuning for more specialized segmentation; or 3)
interactive learning via textual or weakly-supervised prompts.

IV. EXPLAINABILITY AND INTERPRETABILITY

The clinical adoption of 3D DL models in medical imaging
holds promise, yet it remains constrained by their black-box
nature. This lack of transparency underscores the importance
of Explainable AI (XAI) as a foundation for building trust and
ensuring accountability in clinical settings [S8]], aligning with
the broader vision of Trustworthy AI (TAI) in healthcare [59].

Current XAI efforts are predominantly based on post-
hoc attribution techniques, particularly gradient-based saliency
methods, which aim to visualize the regions most influential
to a model’s prediction [60]. Gradient-weighted Class Activa-
tion Mapping (Grad-CAM) [61] and Grad-CAM++ [62], are
among the most widely adopted methods for 3D data, such
as MRI, CT or PET scans, highlighting clinically relevant
structures like the hippocampus in Alzheimer’s disease classi-
fication [63| |64]]. Beyond these, a few saliency methods have
been designed specifically for 3D data, including Saliency
Tubes [65] and Respond-CAM [66]]. Other backpropagation-
based approaches, such as Layer-wise Relevance Propagation
(LRP) [67], generate voxel-wise relevance maps by decom-
posing model predictions across network layers.

Complementary to these are perturbation-based tech-
niques [68], which modify or occlude parts of the input to
assess their impact on the prediction. Although computation-
ally intensive, these methods include solid model-agnostic
tools such as Local Interpretable Model-agnostic Explanations

(LIME) [69], which approximates the model locally using
an interpretable surrogate, and SHapley Additive exPlanations
(SHAP) [70], which leverages cooperative game theoretic
principles to assign feature importance values with strong
theoretical grounding. Moving beyond low-level visual expla-
nations, concept-based methods such as Testing with Concept
Activation Vectors (TCAV) [71]] enable interpretation in terms
of human-understandable clinical concepts, providing a bridge
between Al decisions and medical reasoning.

A growing concern, however, lies in the limitations of
these post-hoc methods, particularly their potential lack of
faithfulness to the model’s true decision-making process. This
has led to increasing interest in intrinsically interpretable
or Self-eXplainable AI (S-XAI) models, which are transpar-
ent by design [72]. Despite these advancements, two core
challenges persist in the 3D domain: 1) the inadequacy of
naively extending 2D explanation techniques to volumetric
data, and 2) the absence of standardized benchmarks and
quantitative metrics for assessing the quality and reliability
of 3D explanations [73]. To the best of our knowledge,
SE3D [73] represents the only benchmark specifically de-
signed to evaluate different approaches and techniques for XAI
in 3D data. It integrates adaptations of 2D saliency methods
alongside intrinsic 3D techniques and systematically assesses
their performance across different datasets.

Addressing these gaps represents a critical direction for
future research, aiming to develop 3D-native XAI frameworks
that can deliver trustworthy and clinically meaningful expla-
nations in high-stakes medical contexts.

V. FINAL REMARKS

In this work we review the literature on DNNs for volumet-
ric medical imaging. We provide an overview on 3D medical
imaging tasks and datasets, architectures and other training
strategies and literature on explainability and interpretability
on volumetric data. We map some major trends in the medical
imaging literature, including:

o Datasets with distinct imaging modalities, annotations

and functions;

« Distinct architectural design choices that allow models to
learn from volumetric data, ranging from convolutional
to attention-based;

« Pretraining using labeled/unlabeled data with the aim of
enforcing cross-dataset/cross-modality transfer learning;

e The need of development of 3D-native XAI frameworks
that leverage the volumetric nature of medical imaging to
produce reliable and clinically meaningful explanations.

The domain of DL for volumetric medical imaging is un-
dergoing rapid progress, primarily propelled by innovations in
network architectures. Nevertheless, despite notable progress,
substantial challenges persist, including the high computa-
tional demands, the limited availability of annotated datasets,
and the pressing need for inherently three-dimensional ex-
plainability techniques capable of fostering clinical trust.

Future works of this literature review include a benchmark
of 3D medical imaging models, as the ones presented in



Sec. and Our team intends to improve the current
work with a thorough investigation of which architectures and
supervised/unsupervised pretraining strategies work best for
OOD learning in volumetric medical data.
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