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Abstract

Deep learning for three dimension (3D) modalities such as CT, MRI, and PET
offers promise to improve diagnostic accuracy, surgical planning, and visualiza-
tion of disease progression, as 3D image data provide high resolution volumetric
representation. However, 3D deep learning models are computationally heavy and
demand powerful hardware that is not always available or affordable, restricting
their use in resource-constrained settings such as rural clinics, edge devices, and
low- and middle-income countries. Hence, there is a growing interest in building
lightweight deep learning models, in general, and for 3D imaging, in particular.
This article systematically and critically reviews lightweight deep learning for
processing 3D medical images, examining model compression techniques such as
knowledge distillation, quantization, pruning and efficient architectural designs,
together with the datasets, tools, and deployment environments involved. These
techniques substantially reduce parameters, memory, and inference time with
modest accuracy loss. We also identify several research gaps in these approaches,
such as the accuracy mismatch between lightweight and standard models, dif-
ficulty handling small anatomical structures while keeping models compact,
limited testing on real resource-constrained hardware, weak integration of clinical
information, and the absence of efficiency-aware evaluation metrics. We outline
future directions, including robust lightweight designs, purpose-built compact 3D
datasets, standardized efficiency metrics, and lightweight multimodal models.
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1 Introduction

Three dimensional (3D) deep learning has substantially advanced medical image anal-
ysis, but it comes at a high computational cost. State-of-the-art 3D models depend
on high-end GPUs, large annotated datasets, and long training and inference times,
which largely confines their deployment to well-equipped hospitals and research cen-
ters. Remote and under-resourced settings: rural clinics, mobile health units, and low
and middle-income countries often lack such infrastructure. According to the World
Economic Forum, nearly five billion people in low and middle-income countries remain
excluded from the benefits of medical AI [1]. Combined with high storage demands
and long inference times that hinder real-time and portable diagnosis [2], these con-
straints motivate the central concern of this survey: making advanced 3D medical
imaging efficient enough to be deployed in resource-constrained environments.

Medical imaging is a cornerstone of modern diagnostics. Modalities such as X-ray,
CT, positron emission tomography (PET), magnetic resonance imaging (MRI) and
functional MRI provide rich anatomical and functional information [3], and advances in
imaging hardware have improved acquisition speed, spatial resolution, and image qual-
ity [4]. Nevertheless, radiological interpretation still relies heavily on human expertise,
making it time-consuming, costly, and prone to fatigue and inter-observer variability
[5]. As scan volumes continue to grow, automated deep learning based analysis has
become essential to assist clinicians and improve both efficiency and accuracy.

While deep learning was first applied to 2D images such as X-rays, the rise of volu-
metric modalities has driven a transition to 3D deep learning for CT, PET, MRI and
fMRI data. 3D architectures such as U-Net and transformer variants exploit spatial and
long-range context across all three dimensions, improving the detection and segmenta-
tion of complex anatomical structures and pathologies [6]. This capability, however, is
computationally expensive: leading 3D models demand multi-gigabyte GPU memory
and reach several hundred GFLOPs, as summarised in Table 6, together with large
annotated datasets that are difficult to obtain in clinical practice.

The scale of these requirements has broader consequences. Green-Al studies
emphasise the high GPU usage, energy consumption, and long training times of large
models [7, 8], and Strubell et al. quantified the substantial carbon footprint of training
such models on multiple GPUs [9]. This mirrors a broader move toward edge comput-
ing in healthcare: portable, point-of-care imaging devices such as handheld ultrasound
scanners are increasingly used to deliver diagnosis in remote, mobile, and emergency
settings [10]. However, these devices run on low-power processors with limited mem-
ory and storage, and cannot support the heavy computational load of full-scale 3D
models.

Although several surveys have examined lightweight deep learning and model com-
pression, none focuses specifically on 3D medical imaging under resource constraints.



General overviews of lightweight design [11] and compression methods [12, 13] address
2D or domain-agnostic settings and do not consider the distinct demands of volu-
metric data, whose memory and computational cost grow rapidly with resolution.
Reviews of lightweight convolutional networks [14] concentrate on CNNs and give lim-
ited attention to the transformer and hybrid architectures now central to 3D imaging,
while more recent surveys remain confined to 2D imaging, whether for semantic seg-
mentation [15] or edge deployment [16]. Table 2 summarises these studies and their
limitations. To the best of our knowledge, no existing review consolidates compression
and architectural-efficiency strategies specifically for 3D medical imaging in resource-
constrained and clinically under-served settings, the gap this review is designed to
fill.

This paper presents a systematic review of lightweight deep learning for 3D medical
imaging in resource-constrained environments. It examines the motivation for efficient
models and the tools and methodologies used to train and deploy them; critically
analyses the main compression and acceleration strategies such as pruning, quanti-
zation, knowledge distillation, and architectural design; and identifies research gaps
and future directions toward energy-efficient, memory-aware, and globally deployable
clinical AI. A comprehensive outline of the survey is illustrated in Fig 1.

The remainder of this paper is organized as follows. Section 2 presents the back-
ground, including medical imaging modalities, datasets, lightweight deep learning,
and resource-constrained environments. Section 3 describes the review methodology.
Section 4 presents the core findings, analysing the computational costs of state-of-the-
art models and the main efficiency strategies. Section 5 discusses the key challenges
and opportunities for lightweight 3D medical imaging, and section 6 outlines future
research recommendations. Section 7 presents the threats to validity, and section 8
concludes the paper.

2 Background

Medical imaging is predominantly a volumetric (3D) space. Modalities like MRI, CT,
cone-beam CT (CBCT), and PET are inherently three-dimensional, offering far richer
anatomical information such as true 3D structure, precise size, and intensity details
compared to conventional 2D projections like plain radiography [17], [18].

Deep learning has further strengthened this field, with 3D CNNs, U-Net variants,
and transformers achieving strong performance in tasks such as classification and seg-
mentation using volumetric data [19], [17]. Some of the medical imaging applications
are shown in Fig. 2, however, these 3D approaches are computationally intensive and
memory demanding, limiting their applicability in resource-constrained environments
such as rural hospitals, mobile health units, and developing countries where high-end
GPUs and large storage are not available [20, 21].

This creates a critical challenge: leveraging the benefits of 3D medical imag-
ing while ensuring accessibility in low-resource settings. Addressing this requires the
development of lightweight, efficient, and scalable deep learning solutions.



{ Modaliies  }—{  MRI, CT, PET, Us 22.29]
RaiatelModaly Benchmarks BraTS, MSD, KiTS,
o

Ewon
Super Resolution [59, 81, 98]

Fusion/Registration 152, 64]

( ) UNet, U, VNet ]—[ 143, 71] ]
CNN Based Models
" SegFormer,
e leanis | (rranomer o }| omer (T
I\F/)Iodels Y Transformer Models slimFormer, nnFormer 21, 58, 79]
sWinUNETR [57. 67, 69, 70]

| | Knowledge Distillation
[45, 59-63]

Pruning

[75, 77,78, 79]
Efficiency Strategies
> ] [44, 82-85]

Efficient Architecture
Design [64,66,73,74,76,86-
88,90,92-94,97,99]

Neural Architecture
Search [95, 96]

{Limited GPU memory]—{ <8GB GPU, embedded GPUs models ]

Resource CPU-only inference Edge CPU deploy, ONNX / TFLite optimization ]
Constraints
Edge devices Raspberry Pi, mobile devices, SBC platforms J

“ Accuracy vs [ N - —
Efficiencey Trad-off Trade Power: Compress Without Compromlsmg]
Challenges and Lack of 3D Limited diversity; reliance on BraTS, MSD
Opportunities Benchmark Datasets datasets
Dtgllapfimei Hardware heterogeneity, toolchain limitations ]
Challenges

-[Generalization Issues]—[ Domain shift, small dataset training limitations ]

H

3D Medical Imaging under
Resource Constraints

|

Fig. 1 Comprehensive outline of the survey on 3D medical imaging in resource-constrained environments.

2.1 Why 3D Images

Three-dimensional (3D) medical imaging captures detailed anatomical structures in a
continuous volumetric form, providing higher spatial accuracy and detail than conven-
tional 2D imaging [22]. Unlike 2D images, where structures may overlap and obscure
spatial relationships, 3D imaging enables precise measurement of distances and accu-
rate estimation of true dimensions such as length, width, and height [23]. Its volumetric
nature allows clinicians to view anatomy from multiple angles, isolate structures, and
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Fig. 2 Key applications of 3D medical imaging. Top row: Overall workflow in 3D medical imaging and seg-
mentation. Panel A: Major 3D imaging modalities. Panel B: Processing and steps. Panel C: Clinical and Research
Applications. Bottom row: Key benefits of 3D medical imaging.
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perform more accurate quantitative analysis of organs and abnormalities [24]. These
capabilities support improved diagnosis, surgical planning, and visualization of disease
progression, while also enhancing communication and patient outcomes [23].

Although representing full 3D information on 2D media is challenging, visual com-
parisons help illustrate the advantages in spatial understanding, as shown in Fig.
3.

2.2 3D Medical Imaging Modalities

Major 3D medical imaging modalities include CT, CBCT, MRI/MRA, ultrasound,
angiography, and nuclear imaging techniques such as PET and SPECT, each offer-
ing domain-specific advantages [25-28]. CT/CBCT provide high-resolution imaging
for bones and dental structures, while MRI/MRA excel in soft-tissue visualization
and functional analysis [29]. Hybrid techniques such as PET/CT further enhance
diagnostic accuracy by combining anatomical and functional information [30].
Common trade-offs in these procedures include: radiation exposure (CT/CBCT),
high cost and long acquisition times (MRI), and limited imaging capability in cer-
tain conditions (ultrasound) [31, 32]. Hence, no single modality can be regarded as



Fig. 3 A comparison of 2D and 3D representations of the chest: a conventional 2D X-ray versus a
3D volume rendering of the lungs and airway generated from CT. Both images are reproduced from
Wikimedia Commons under their respective licenses.

universally superior, and the choice depends on the specific clinical application and
diagnostic requirements.

2.3 3D Medical Imaging Datasets

Although publicly available 3D datasets remain relatively limited, several key bench-
marks have significantly advanced the field. The Medical Segmentation Decathlon
(MSD) provides multi-organ, multi-modality data for robust segmentation tasks
[33], while BraTS is a gold-standard dataset for brain-tumour segmentation using
multi-parametric MRI [17]. LIDC-IDRI [34] and LUNA16 [35] are widely used for
lung-nodule detection in CT, whereas LiTS [36] and KiTS [37] target liver- and
kidney-tumour segmentation, respectively. More recent large-scale benchmarks, such
as AMOS [38] for abdominal multi-organ segmentation and TotalSegmentator [39],
which covers over 100 anatomical structures in CT, further expand the available 3D
data. Other notable datasets include PROMISE12 (prostate), CHAOS (multi-organ),
Synapse/BTCV (abdominal CT), and head-and-neck CT datasets [32], [40], [41], [42].
This list is not exhaustive; new 3D datasets continue to be released as the field matures.
However, extracting meaningful insights from these datasets requires complex algo-
rithms and high computational resources. With the advancement of deep learning,
many applications have been developed to effectively utilize this rich information.



These publicly available datasets are widely used, highly cited, and primarily focused
on segmentation tasks, playing a crucial role in advancing deep learning-based 3D
medical imaging research. A few commonly used datasets are summarized in Table 1.

Table 1 A few commonly used 3D medical imaging datasets

Dataset Modality Target Task # Cases
MSD [33] CT, MRI Multi-organ 3D segmentation 10-500+
BraTS-17-21 [17]  mpMRI Brain tumor 3D segmentation 200-2000
LIDC-IDRI [34] CT (Chest) Nodule detection & segmentation 1018
LUNA16 [35] CT (Chest) Nodule detection 888

LiTS [36] CT (Abdomen) Liver & tumor 3D segmentation 181
KiTS-19 [37] CT (Abdomen) Kidney & tumor 3D segmentation 300
PROMISE12 [40] MRI (Prostate) Prostate gland 3D segmentation 50-80
CHAOS [41] CT, MRI Multi-organ 3D segmentation 40-60

2.4 Deep Learning in 3D Medical Imaging under Resource
Constraints

Several deep learning models, from volumetric CNNs (3D U-Net, V-Net) to self-
configuring pipelines like nnU-Net and hybrid transformers & MedSAM3D, achieve
good accuracy. However, these models are typically trained on high-performance sys-
tems with multi-GB GPUs and large storage. For example, nnU-Net requires around
11 GB GPU memory for stable performance, while lower memory setups risk crashes
[43]. Similarly, transformer-based architectures improve global context but at a higher
computational cost. As reported in Tables 6 and 7, they involve substantially more
parameters and FLOPs (e.g. Swin UNETR at 61.98 M parameters and 394.84 G
FLOPs) and require on the order of 10-11 hours to train; at inference, Swin UNETR
takes about 228.6ms per volume on a GPU and 7.6s on a CPU, roughly 2-2.5x
slower than the CNN-based nnU-Net (90.9ms and 3.6, respectively). Thus, a clear
gap exists between performance and resource efficiency.

Recently, efforts have been made to bridge this gap for resource-constrained envi-
ronments. Post-training quantization (e.g. 8-bit inference) has reduced model size by
about 3.9x and latency by 2.7x while maintaining accuracy across models like U-
Net, SegResNet, SwinUNETR, and nnU-Net [44]. Knowledge distillation has also been
effective; for instance, a 3D U-Net teacher model distilled into a smaller student model
improved Dice score from 75% to 84%, while reducing parameters by 75% and infer-
ence time by 36% [45]. Efficient architectures such as SegResMamba and MEM-UNet
further reduce memory usage to less than half with comparable performance [46], [47].

In short, interest has rapidly increased to develop newer strategies for making
3D models suitable for resource-constrained environments, including memory-efficient
designs (e.g. patch-wise inference, 2.5D inputs), model compression techniques (prun-
ing, quantization, distillation), and careful architecture design to reduce parameters
while maintaining performance.



2.5 Resource Constrained Environments

In medical imaging, deployment environments are frequently restricted by severe com-
putational and infrastructure constraints. Practical clinical settings, particularly in
low and middle income countries (LMICs) often have very limited access to high-end
compute, including GPUs. Beyond static computing setups, point-of-care, portable,
and edge platforms (e.g. handheld ultrasound units and mobile devices) operate on
power constrained ARM processors with limited compute/memory / power and bat-
tery capacities [48]. Furthermore, clinical deployment in remote and rural settings is
often compounded by unstable power grids and limited network connectivity [49], [10].

These hardware and environmental bottlenecks create a major barrier to adopting
computationally intensive 3D deep learning models. Standard 3D networks demand
high memory bandwidth and FLOPs, making them unusable for real-time inference on
edge devices or standard CPUs. Consequently, there is an urgent need for lightweight
and efficient architectures capable of performing key tasks such as 3D segmentation,
classification, registration, and anomaly detection directly on low-power hardware [50—
52]. Optimizing models for these constrained settings not only enables offline, real-time
diagnostic feedback in underserved regions, but also enhances data privacy and lowers
energy consumption.

2.6 Related Work

Several surveys have examined lightweight deep learning, but still there is room for
exploration; Table 2 summarises their scope and limitations. General overviews of
lightweight design and compression by Wang et al. [11] and Liu et al. [12] cover the
field broadly but target 2D or domain-agnostic settings and do not address the distinct
challenges of 3D volumetric data. Li et al. [13] catalogue compression techniques in a
general context without discussing task or modality-specific behaviour, whereas Chen
et al. [14] concentrate on lightweight convolutional networks and give limited attention
to the transformer and hybrid architectures now common in 3D imaging. The most
recent surveys narrow the scope further but remain confined to 2D imaging: Carunta
et al. [15] compare heavy and lightweight models for 2D semantic segmentation only,
and Xu et al. [16] review edge deep learning for 2D imaging and general diagnostics.
Across these works, three gaps recur: (i) a focus on 2D rather than the computationally
demanding 3D volumetric data central to modern diagnostics; (ii) limited attention to
deployment in resource constrained clinical settings; and (iii) treatment of individual
compression techniques in isolation rather than as a coordinated toolbox. Our review
addresses these gaps by consolidating compression and architectural-efficiency strate-
gies specifically for 3D medical imaging in resource-constrained and clinically under
served environments, and by analysing their accuracy, efficiency trade-offs, deployment
considerations, and open challenges.

3 Survey Methodology

This survey is carried out using the Systematic Literature Review (SLR) method
suggested by Rivera et al. [53].



Table 2 Selected Survey or Review Papers on Lightweight Deep Learning

Reference Year Domain Nature Contributions Limitations
of
Study
Wang et al. 2024 Lightweight Overview Highlighted importance of Did not target 3D domains,
[11] deep learn- lightweight deep learning; which are computationally
ing detailed overview of methods more challenging.

such as distillation, quantiza-

tion, and pruning.
Liu et al. 2024 Lightweight Survey Comprehensive survey of Focus is general, missing spe-
[12] deep learn- compression methods includ- cific 3D data challenges.

ing ing efficient architectures,

pruning, quantization, and

knowledge distillation for

resource-constrained envi-

ronments.
Liet al. [13] 2023 Compression Survey Discussed all compression Task-specific issues with
Techniques techniques in a general con- image behavior were not dis-
text and further categorized cussed.
them.
Chen et al. 2023 Lightweight Review Reviewed lightweight DCNN Focused on CNN compres-
[14] DCNN architectures and model sion; other architectures were
compression; evaluated not adequately addressed.

50+ representative mod-
els, outlining performance,
strengths, limitations, and
future directions.

Carunta et 2025 Lightweight Survey Surveyed heavy and Compared 2D imaging only;
al. [15] deep learn- lightweight models for 3D segmentation was not
ing for semantic segmentation; covered.

Segmenta- analyzed performance and
tion efficiency; emphasized
lightweight trends.
Xu et al. 2025 Edge-Deep Survey Reviewed architectures, Focused on edge devices and
[16] Learning frameworks, and opti- 2D imaging only.
mization for on-device

intelligence in  real-time,
resource-constrained scenar-
ios.

Research Scope: While considerable progress has been made on 3D medical imaging
using deep learning in resource-constrained environment, there are still many chal-
lenges. We aim to investigate prior research in this direction, possible opportunities,
and hurdles. The survey aims to address the following research questions.

® RQ1 What are the computational (CPU, memory) and energy demands of state-
of-the-art deep learning models for 3D medical imaging, and why is their critical
analysis important?

® RQ2 Which compression and optimization strategies have been applied to adapt
3D medical imaging models to resource-constrained environments, and how do they
impact performance?

® RQ3 What are the potential opportunities and advantages of deploying models in
resource-constrained environments?

® RQ4 What are the open challenges and future research opportunities in bridging
the gap between state-of-the-art 3D medical imaging methods and their adoption
in resource-limited environments?



Table 3 Search String Used to Retrieve Relevant Literature

Search Identifier Search Query String

Search String (3D medical imaging” OR ”volumetric imaging” OR ”3D imaging”
OR ”"CT” OR "MRI” OR "CBCT” OR ”"PET”) AND (”deep learn-
ing” OR ”convolutional neural network” OR "CNN” OR ”transformer”
OR ”neural network”) AND (”resource constrained” OR ”low-resource”
OR ”limited-resource” OR ”edge device” OR ”"mobile deployment” OR
7lightweight” OR ”pruning” OR ”quantization” OR ”distillation” OR
”model compression” OR ”computational efficiency”)

Following the SLR methodology of [53] and the PRISMA guidelines [54, 55], we first
constructed a search string built around our theme, 3D medical imaging in resource-
constrained environments using deep learning as shown in Table 3. In addition, the
reference lists of the most relevant papers were screened (backward snowballing) to
widen coverage.

High-quality and relevant articles were collected from five digital libraries: IEEE
Xplore, ACM Digital Library, SpringerLink, ScienceDirect, and PubMed. The searches
were carried out between August 2025 and March 2026, with the final search con-
ducted on 25th of March; the searches were repeated periodically during this window
to capture newly published work. Following the PRISMA framework, the studies were
systematically gathered and organized as illustrated in Fig. 4. The inclusion and exclu-
sion criteria for study selection were defined following the protocol established in [53],
as summarized in Table 4. The initial search returned 780 records across the five
databases. After removing 142 duplicates and 23 records for other reasons, 615 records
were screened on title and abstract, of which 312 were excluded. The remaining 303
reports were assessed in full text, and 213 were excluded (not 3D medical imaging, no
efficiency focus, not deep learning, or failing quality assessment), yielding 90 studies
included in this review.

Fig. 5 presents the analysis of selected papers based on publication trends, task
types, and efficiency strategies. The results show a growing research interest, with the
highest number of publications in 2025 and 2026. Most studies focus on segmenta-
tion, reflecting its clinical importance and complexity. Among efficiency techniques,
lightweight architecture design and knowledge distillation are the most commonly
used, although some distillation-based studies were excluded as they focused on
improving accuracy rather than reducing model complexity.

4 Analysis and Discussion

To evaluate the current state of lightweight 3D deep learning in medical imaging, this
section presents the quantitative and qualitative findings from our reviewed literature
to systematically address the four defined research questions (RQs). A representative
performance summary of lightweight deep learning models in key 3D medical tasks
is presented in Table 5, followed by a summary of the state-of-the art deep learning
models with their computation footprints, shown in Table 6. Based on these aggre-
gated results, we analyze the computational bottlenecks of 3D volumetric models,

10
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Fig. 4 PRISMA workflow illustrating our methodology to conduct the SLR

evaluate the efficacy of current model compression strategies, and outline critical open
challenges and future research directions for resource-constrained clinical deployment.
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Table 4 Inclusion and Exclusion Criteria

Category

Inclusion Criteria

Exclusion Criteria

Type of Study

Language
Publication Year

Source

Intervention

Region
Setting

Original research articles and
comprehensive reviews

Studies published in English

Studies published from 2018
onward

Peer-reviewed international
journals and major conferences

Deep learning architectures and
algorithms

No restriction
Deep learning applications in 3D
medical imaging

Theses, white papers, book
chapters, and short communica-
tions

Non-English papers or duplicate
publications

Studies published prior to 2018

Publications from unindexed
local journals or predatory
venues

Traditional machine learning
and non-data-driven statistical
methods

None

Applications focusing strictly on
non-medical domain data

Quality Assessment Peer-reviewed indexed venues Extended abstracts, workshop
with high citation credibility papers without rigorous peer
review, or non-peer-reviewed

preprints

(a) Publications per year

(b) Publications by task

(c) Publications by design strategy

Segmentation Lightweight a1
Design
Super

Knowledge 19
Resolution

Distillation

Classification Quantization 14

Detection Pruning 13

Fusion/

Shallow Arch. 9
Registration

Design

Neural Arch n

Denoising el

201920202021202220232024 20252026
Year

Fig. 5 Distribution of the reviewed studies: (a) number of publications per year, (b) publications
by task type, and (c) publications by lightweight design strategy.

4.1 Computational and Energy Costs of 3D deep learning
Models

An important step in assessing the resource footprint of 3D deep learning is quanti-
fying the computational and memory demands of heavy architectures. As shown in
Table 6, widely used 3D models span a broad range of sizes and costs: parameters range
from about 33 M (TransBTS) to 96 M (TransUNet), and FLOPs from roughly 41 G
(UNETR) to 554 G (V-Net). Transformer architectures are particularly demanding;
Swin UNETR, for example, has 61.98 M parameters and 394.84 G FLOPs. Training
these models is correspondingly expensive, on the order of 10 to 11 hours (e.g., about
10hours for UNETR and 11hours for nnFormer) on the same machine, and they
consume substantial GPU memory and energy resources that are rarely available in
constrained settings.

12



The computing and energy requirements of 3D deep learning depend on input
dimensions, resolution, network depth, parameter count, FLOPs, and task complexity
[56]. Task type matters a lot: segmentation of large volumes is far more memory-
hungry than classification. For a 1 x 128 x 128 x 128 input, Swin UNETR requires
roughly 19.7 GB of GPU memory versus 3.7 GB for the CNN-based nnU-Net (Table 7).
Architecture is equally influential, as transformer-based models generally incur more
parameters and FLOPs than CNNs and are markedly slower at inference: Swin
UNETR takes about 228.6 ms per volume on a GPU and 7.6s on a CPU, roughly 2 to
2.5x slower than nnU-Net (90.9ms and 3.6, respectively). These figures show that
high-resolution volumetric transformers such as Swin UNETR and nnFormer carry a
particularly high computational and memory burden [57, 58].

As discussed earlier, this study focuses on 3D medical imaging using deep learn-
ing in resource-constrained environments. To this end, we selected 90 high-quality
papers that explore strategies for transforming state-of-the-art models into lightweight,
resource-efficient versions. Most lightweight models listed in Table 5 are derived from
full-scale counterparts through compression techniques or architectural modifications.

In Table 6, we summarize commonly used full-scale models in 3D medical imaging,
highlighting their computational and memory requirements, including hardware needs
and model complexity in terms of parameters and FLOPs. This serves as a baseline for
understanding the resource demands of state-of-the-art architectures. The following
section contrasts these with lightweight adaptations that reduce computational and
memory burdens for deployment in resource-constrained environments.

To demonstrate a fair comparison of popular CNN and hybrid models, Shaker et
al. [68] has conducted a comparison on BraT$S dataset under identical experimental
setup. An unbiased evaluation of efficiency and performance has been performed using
the same input size, pre-processing strategy, and same hardware (Quadro RTX 6000
GPU with 24 GB memory and a 32-core Intel Xeon 4215 CPU). The models are
evaluated in terms of No. of parameters, FLOPs, GPU memory, inference time on
CPU and GPU (represented as CPU-T and GPU-T) for input size of 1x128x128x128.
The comparison of the said models is depicted in Table 7.

The models mentioned in Table 7 and many recent ones are large-scale architec-
tures that offer high accuracy and strong potential for solving various problems in
medical imaging. However, they require substantial computational resources and long
execution times, leading to high energy consumption and significant carbon emissions,
thereby contributing to environmental degradation [9]. Research shows that high-
performance computing systems and data centers are major contributors to global
electricity consumption, further intensified by machine learning training and inference
processes. Recent studies on the energy and carbon cost of machine learning show that
not just training but even inference can produce notable carbon emissions [7, 9], and
tools such as the Green Algorithms framework make these footprints quantifiable [72].
These environmental concerns, along with the need for broader and equitable access,
highlight the importance of developing computationally efficient and environmentally
sustainable models suitable for resource-constrained settings.

A note of caution applies when interpreting Tables 6 and 7. The reported param-
eters, FLOPs, memory, and inference times are drawn from the respective original
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Table 5 Brief Summary of Representative Shortlisted Papers Focusing on Lightweight Models

Reference Year Task Modality Dataset Deep Learning Model Efficiency Strategy
Jianwei Zhao et al. [59] 2025 MRI Super MRI HCP-1200, IXI (public) Distilled transformer KD (distilled
Resolution (TDAFD — student / transformer)
distilled)
Ben Loussaief et al. [60] 2025  Segmentation MRI/CT Collected Teacher: DeepLabV3+, KD (adaptive
PSPNet, FCN multi-teacher)
Student: ENet, ESPNet,
MobileNetV2
Dian Qin [45] 2021  Segmentation CT LiTS, KiTS19 (public) Teacher: RA-UNet Knowledge
Student: ENet, Distillation (EMKD),
MobileNetV2, ResNet-18 Lightweight networks
Zhao [61] 2023  Segmentation CT WORD TCIA+BTCV Teacher: nnU-Net Knowledge
(public) Student: LCOV-Net Distillation
Yiging Shen et al. [62] 2024  Segmentation MRI/CT AMOS, TotalSegmentor, FastSAM3D Layer-wise
BraTS$S (public) progressive
distillation
Luis Serrador et al. [63] 2024  Segmentation CT VerSe (public) Teacher: Full U-Net Distillation
Student: Shallow U-Net
Mingwei Wen et al. [64] 2025 Image Fusion MRI/CT/PET IXI, RESECT, LPM-Net Shallow architecture
MMWHS2017, Prostate-
MRI, HNSCC (public)
Viraj Aher et al. [65] 2025  Segmentation CT/MRI/PET CVPR BiomedSegFM MobileSeg3D Lightweight backbone
/Ultrasound (public) design using
MobileNet
Yan Pang et al. [66] 2024  Segmentation MRI/CT BraTS2021, MSD2019 Slim UNETR Hierarchical

Task-01 Brain Tumor,
MSD2021 Task-08 Hepatic
Vessel (public)

lightweight design




Table 6 Summary of State-of-the-Art Deep Learning Models in Medical Image Segmentation

Model Dataset Hardware T/I Time # Parameters # FLOPs
Used
UNETR [67] BTCV, MSD NVIDIA 10H/ 12.08S 92.58M 41.19G
DGX-1 server
UNETR++ [68] BraT$S A100 40GB — 92.49M 16.6G
GPU
nnFormer [58] BraT$S NVIDIA 2080 11H/ 20.25S 37.6M 119.3G
GPU, 11GB
VRAM
TransBTS [69] BraT$S 8 NVIDIA — 32.99M 333G
Titan RTX
GPUs (each
has 24GB
VRAM)
Swin UNETR [57] BraT$S 8 x NVIDIA — 61.98M 394.84G
V100
TransUNet [70] BraT$S 1 NVIDIA 96.07M 48.3G
RTX 8000
GPU
VNet [71] — NVidia GTX — 45.6M 554.2G
1080 with 8
GB VRAM
Table 7 COMPARISON OF DEEP LEARNING MODELS ON BRATS DATASET [68]
Model #Params  FLOPs (G) Mem (GB) GPU-T CPU-T
(M) (ms) (ms)
nnUNet 16.8 410.1 3.7 90.9 3625.5
MedNeXt-M- 17.6 248.0 15.3 186.1 19955.4
K3
MedNeXt-M- 18.3 308.0 18.8 351.5 64260.8
K5
UNETR 92.5 153.5 3.3 82.5 2145.0
SwinUNETR 62.8 572.4 19.7 228.6 7612.3
CoTr 41.9 668.5 9.8 174.6 4236.2
nnFormer 149.6 421.5 12.6 148.0 5247.5
UNETRA++ 42.6 70.1 2.4 62.4 1497.7

papers, which differ in dataset, input volume size, patch strategy, precision, and evalu-
ation hardware, and often report only a subset of these metrics. As a result, the values
are not directly comparable across studies: a lower FLOP count on one benchmark
does not necessarily indicate a more efficient model than a higher count measured
under a different setup. We therefore present these figures as indicative of the overall
computational burden of state-of-the-art 3D models rather than as a like-for-like rank-
ing. This inconsistency is itself one of the key findings of this review, and it directly
motivates the need for a standardized, efficiency-aware evaluation protocol discussed

in Section 6.
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Fig. 6 Taxonomy of deep learning optimization techniques for 3D medical imaging reviewed in this
survey, organised into four families: knowledge distillation, pruning, quantization, and architectural
design.

The following section contrasts these full-scale models with lightweight adapta-
tions that reduce computational and memory burdens for deployment in resource-
constrained environments.

4.2 Efficiency Strategies

In this section we discuss the well-known techniques and methods used to convert a
large model into a lightweight model that can be run/deployed in resource-constrained
environments. We organise the lightweight techniques identified in this review into
four families; (i) knowledge distillation, (ii) pruning, (iii) quantization, and (iv)
architectural design, as illustrated in Fig. 6.

4.2.1 Knowledge Distillation

Knowledge Distillation (KD) refers to training a bigger model on the data and trans-
ferring its learned knowledge to a much smaller and efficient model [73]. Since its
inception, KD has inspired numerous studies and become a key approach for designing
lightweight models. The student model learns from both the ground truth labels and
the soft labels (logits), as well as the intermediate features or attention maps [74, 75].
As a result, the student retains much of the teacher’s representational power while
being smaller and faster, making it suitable for resource-constrained environments
such as CPU-only systems or edge devices.

KD has been widely applied in 3D medical imaging to compress heavy architectures
such as 3D U-Net, V-Net, and transformer-based models into efficient alternatives.
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Common strategies include multi-level distillation, where knowledge is transferred at
both logit and feature levels, and two-stage training, where the student is first trained
on ground truth and then refined using a pretrained teacher. Representative studies
are summarized in Table 8.

From these studies, KD proves to be an effective technique for designing lightweight
models by reducing parameters, FLOPs, and inference time, while maintaining com-
petitive accuracy. In some cases, it can even improve performance, as seen with
TDAFD [59], due to enhanced feature learning through multi-scale distillation and
attention mechanisms. However, performance trade-offs are also observed in some
works [45, 60, 61, 63]. Typically, KD achieves a four- to six-fold reduction in parame-
ters and FLOPs, along with two to three fold faster inference. Aggressive reductions
in parameters have also been reported such as Luis et al., [63] reported a reduction
in the number of parameters from 3.44M to 0.37M and inference time from 14.66s to
1.36s, with only a ~3.5% accuracy drop.

Additionally, performance improvements with KD have been reported by Ben et
al., [60], for lightweight architectures such as E-Net, ESPNet, and MobileNetv2. This
highlights KD’s dual benefit: compressing models while mitigating or even overcoming
performance degradation. It can also be combined with techniques such as pruning,
quantization, and shallow design for further efficiency gains.

In summary, KD has emerged as a foundational approach for building lightweight
yet high-performing 3D medical imaging models. It enables compact models to
inherit structured knowledge from large models without the associated computational
burden, achieving significant compression with reliable accuracy. This makes KD par-
ticularly valuable for real-time deployment in resource-constrained and developing
environments, supporting more accessible and efficient healthcare solutions.

4.2.2 Pruning

Model pruning is a widely used compression strategy that removes redundant param-
eters while maintaining accuracy within an acceptable limit [76]. It is particularly
beneficial for deploying large models in resource-constrained environments and reduc-
ing operational costs. Pruning can be broadly categorized into post-training pruning
and pruning during training. Post-training pruning eliminates insignificant weights
from a pre-trained model based on scoring metrics that estimate parameter importance
[77], [78]. For example, Sui et al. [79] proposed a channel-independence criterion that
scores each filter’s importance and removes low-scoring filters; such importance-based
pruning is directly applicable to volumetric networks. While this approach reduces
model size, it often requires fine-tuning to recover performance. In contrast, pruning
during training integrates sparsity directly into the learning process. The STAMP algo-
rithm [80] applies channel-wise dropout during U-Net training for 3D medical image
segmentation, removing redundant channels while improving inference speed without
additional pruning steps.

Researchers typically adopt during-training pruning when simultaneous learning
and sparsity optimization are required, as in PSP-Seg [81] and Sauron U-Net [82],
while post-training pruning is preferred for rapid deployment with optional fine-tuning.
Table 9 summarizes representative studies on pruning in 3D medical imaging.
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STAMP and STAMP+ reduce parameters by up to 95% by removing low-activation
channels during training, while maintaining accuracy and reducing memory and infer-
ence time [80]. Valverde et al. [82] achieved a 93.2% parameter reduction using filter
pruning with minimal accuracy loss, though computational gains can sometimes be
limited, as reflected by modest FLOPs reduction. APFormer [83] demonstrates the
effectiveness of adaptive pruning combined with efficient design, reducing parameters
and FLOPs compared to large models while improving accuracy by 1-6%.

Overall, pruning is a key technique for model compression, significantly reducing
model size and inference time while maintaining accuracy. Its importance is particu-
larly evident in 3D medical imaging, where computational and memory demands are
high, enabling more efficient and practical deployment of Al systems.

4.2.3 Quantization

Quantization is a promising technique to mitigate the challenges of heavy-weight mod-
els that require high-performance computing and storage [85]. It works by reducing the
precision bit width within a neural network. For example, converting high-precision
representations such as 32-bit to lower 8-bit for weights and activations can signifi-
cantly decrease memory requirements while accelerating processing speed. This makes
models suitable for resource-constrained environments and enables faster inference for
real-time medical applications.

Quantization is broadly categorized into (a) Quantization Aware Training (QAT)
and (b) Post-Training Quantization (PTQ). QAT simulates low-precision computation
during training, allowing the model to adapt and maintain accuracy. For instance,
DeepSeekV3 [86] achieved accelerated training and reduced GPU requirements using
FP8. However, QAT is time-consuming and requires fully labeled datasets, limiting
its applicability in medical imaging. In contrast, PTQ quantizes a pre-trained model
using a small set of unlabeled data for calibration, making it more practical when
retraining is infeasible due to limited resources or data privacy concerns. Table 10
summarizes representative studies in quantization.

A clear trend is that quantization reduces memory usage and inference time while
maintaining accuracy comparable to full-precision models. For example, Paschali et
al. [87] reduced memory from 63 MB to 2 MB with no loss in Dice score (0.914
— 0.914). Similarly, Qu et al. [44] reports 3x—10Xx memory reduction across mul-
tiple models while preserving accuracy. Memon et al. [88] demonstrated promising
performance (Dice = 0.916, accuracy = 99.845%) with significantly reduced memory
and inference time, enabling deployment on devices such as Raspberry Pi 4B and
smartphones. Other studies [89], [90] also maintain Dice performance while enabling
resource-efficient deployment.

Unlike pruning or distillation, quantization does not reduce parameters or FLOPs;
instead, it improves efficiency through lower bit-width representations, with gains
largely dependent on hardware support. While it effectively reduces memory footprint,
power consumption, and latency, it may introduce accuracy degradation, particularly
in sensitive 3D segmentation tasks. QAT mitigates this at the cost of higher training
complexity, whereas PTQ offers a practical trade-off with minimal calibration data.
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Table 8 REPRESENTATIVE PAPERS ON KNOWLEDGE DISTILLATION

TECHNIQUES IN 3D MEDICAL IMAGING

Study Main Model Lightweight Task Dataset Infer. Accuracy / FLOPs (G) Params (M)
Model Time (s) DSC
Zhao et al. [59] SuperFormer TDAFD MRI HCP-1200, — 34.54 — 34.83 254.15 — 201.06 1.56 — 1.21
Super-Res. IXI (PSNR)
Qin et al. [45] RA-UNet ENet Segmentation LiTS, KiTS19 — 0.685 — 0.652 24.81 — 2.03 22.10 — 0.353
(Dice)
Zhao et al. [61] nnU-Net LCOV-Net Segmentation WORD, — 85.83 — 85.91 413.42 — 82.05 14.98 — 2.79
TCIA+BTCV (Dice %)
Serrador et al.  U-Net Shallow U-Net Segmentation VerSe 14.66 — 88.22 — 84.70 109.49 — 45.07 3.44 — 0.37
[63] 1.36 (Dice %)
Loussaief et al. DeepLabV3+, ENet, ESPNet, Segmentation Private — 0.90 — 0.85 96273 — 46.7-86.7 —
[60] PSPNet, FCN MobileNetV2 Dataset (Dice) 1.27-19.8 0.18-2.23

Note: Values formatted as “X — Y” represent Teacher / Full-scale model — Distilled lightweight (student) model. Accuracy/DSC metrics report Dice similarity

—
© coefficient unless stated otherwise (e.g., PSNR for super-resolution). A dash (—) denotes unreported metrics in original studies.

Table 9 Summary of Papers on Pruning in 3D Medical Imaging

Reference Model / Method GPU Memory Accuracy / DSC Inference # FLOPs # Parameters
Time
Dinsdale et al. [80] STAMP / Better than baseline Slightly lower Faster — Reduction up to 85%
STAMP+
Valverde et al. [82] Sauron Reduction up to 6.6%  0.9595 — 0.9564 — Reduction up to —
93.02%
Xian Lin et al. [83]  APFormer — 83.53 (+1%) — 39 G 2.6 M
Linhao Li et al. [81] PSP-Seg-S 0.8 GB 84.3 (vs. 85.0) 2's — 51 M
Hong et al. [84] SlimFormer-3D 0.826 149.78 G 69.94 — 17.47T M

Note: Values reported as “X — Y” denote the baseline / full-scale model — the pruned lightweight model.



Overall, quantization is a fundamental technique for efficient deep learning, com-
plementing pruning, distillation, and architectural optimization. It provides a balance
between computational efficiency and accuracy, making it essential for deploying 3D
medical imaging models in real-world, resource-constrained environments.

4.2.4 Architectural Efficiency Strategies

Lightweight deep learning models can also be designed by optimizing the network
architecture itself rather than relying solely on compression techniques. Efficient archi-
tectural design can significantly reduce memory consumption and inference latency
without substantial loss in accuracy. In this context, several studies employ techniques
such as shallow architectures, neural architecture search (NAS), and depth-wise sep-
arable convolutions (DSC). Table 11 provides an overview of these approaches and
their impact on model size, inference time, and accuracy in 3D medical imaging for
resource-constrained environments.

Designing efficient architectures is not only useful for standalone lightweight models
but can also complement techniques like knowledge distillation. A lightweight model
can be designed first and later enhanced using knowledge from a larger model. Among
architectural strategies, depth-wise separable convolutions and channel factorization
are particularly effective [91-93] reducing FLOPs by over 50% and significantly lower-
ing parameter counts with minimal accuracy loss. Additional improvements, such as
ghost convolutions and hybrid CNN-attention blocks (e.g., GA-UNet and LW-CTrans),
further enhance efficiency by reusing features and focusing on salient regions, balanc-
ing local and global context with low memory usage. However, these approaches often
rely on handcrafted designs, which may limit generalizability.

Another direction is automated optimization through NAS and genetic algorithms,
as seen in BiX-NAS, GA-UNet3+, and L-DNASR. These methods explore trade-offs
between accuracy and latency, achieving parameter reductions of up to 95% while
maintaining competitive performance. However, they introduce significant computa-
tional overhead during the search phase. In contrast, manually designed lightweight
architectures [78, 86, 94, 95] use compact encoder-decoders and efficient convolutions,
showing that thoughtful layer design improves scalability more effectively than simply
reducing depth. For example, V-Net Light [96] achieves over 90% parameter reduction
while maintaining segmentation accuracy.

Overall, efficient architectural design offers a powerful alternative to compression-
based methods, enabling substantial reductions in memory and latency without
sacrificing performance. When combined with techniques such as knowledge dis-
tillation and quantization, these approaches can further enhance efficiency and
generalization for deployment in resource-constrained environments.

4.3 A Comparative Analysis of Efficiency Strategies

In the discussion above in this section, we have discussed various efficiency strategies,
including pruning, quantization, knowledge distillation, and architectural optimiza-
tion, supported by evidence from the literature. While each technique effectively
reduces model size, memory footprint, and inference time, an important question is
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Table 10 REPRESENTATIVE PAPERS ON QUANTIZATION FOR RESOURCE-LIMITED SETTINGS

Model / Technique Study GPU Memory (MB) Accuracy / DSC Inference Time (s)
3DQ Paschali et al. [87] 63.0 — 2.0 0.914 — 0.915 —
PTQ across 3D Qu et al. [44] U-Net: 23.11 — 6.61 U-Net: 0.822 — 0.822 U-Net: 2.62 — 1.05

Architectures

NISE (Classification)
NIVE (Segmentation)

Quantized 3D U-Net

Integer-arithmetic 3D
U-Net

Memon et al. [88]

Kim et al. [89]
Wang et al. [90]

TransUNet: 351.85 —
91.90

UNesT: 807.30 — 25.66
nnU-Net: 26.94 — 8.94
SwinUNETR: 61.98 —
16.09

SegResNet: 42.40 — 17.48
VISTA3D: 65.14 — 18.57

NISE: 13.4 — 4.9
NIVE: 176.86 — 86.24

TransUNet: 0.816 — 0.816
UNesT: 0.702 — 0.701
nnU-Net: 0.901 — 0.895
SwinUNETR: 0.878 —
0.877

SegResNet: 0.882 — 0.879
VISTA3D: 0.893 — 0.891

NISE: 99.84% — 99.84%
NIVE: 0.9163 — 0.9162

0.96 — 0.95 (Dice)
0.888 — 0.887

TransUNet: 4.09 — 1.74
UNesT: 5.50 — 2.70
nnU-Net: 2.99 — 1.25
SwinUNETR: 9.85 — 3.59
SegResNet: 5.14 — 2.06
VISTA3D: 4.59 — 1.93

Laptop: 1.2074 (NISE) / 1.8241 (NIVE)
SBC: 3.7627 (NISE) / 5.2641 (NIVE)
Phone: 0.1068 (NISE) / 3.2023 (NIVE)
RPi 4B: 3.4700 (NISE) / 6.2100
(NIVE)

Note: Values formatted as “X — Y denote Full Precision (FP32) — Quantized (e.g., INT8) metric output. A dash (—) indicates metrics not reported in the

respective publication.
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Table 11 SUMMARY OF PAPERS ON ARCHITECTURAL EFFICIENCY STRATEGIES

Model Optimization Base Dataset Params FLOPs Inference Memory Accuracy
Strategy Model (M) (G) Time (MB)
lightweight DSC U-Net KiTS 21.33 — 522 — 269 - - 0.80 — 0.83
3D U-Net 16.6 (Dice)
(92]
ERV-Net DSC - BraT§S 2018 17.3 370.9 - - 81.81 (Dice %)
(91]
LCCNet DSC U-Net ACDC 81.5 — 329.8 =+ 20.8 — 1717.3 — 89.3 — 71.0
[93] 25.2 91.0 (Dice %)
GA-UNet Ghost and U-Net ISIC-2018 28.95 — 48.33 — — — 0.95 — 0.96
[97] Attention etc. 2.18 4.45 (Dice)
U-Net
LPM-Net Hybrid Densefuse BraT$S 2020 0.211 — 1159.05 — 200 — 90 20.95 — 0.935 — 0.927
[64] Lightweight etc. 0.022 37.65 16.56
LW-CTrans Hybrid and H2Former BraTS2019 33.64 — 24 — 31 - 256.76 — 82.43 — 83.75
[98] Optimized 2.08 15.87 (Dice %)
Attention
Slim Self-attention Swin MSD2019 61.99 — 793.92 — Throughput Decreased 79.16 — 80.27
UNETR decomposition UNETR 1.79 12.42 20.82 — 279.78 (Dice %)
(66]
AST-Net lightweight nnU-Net BraTS_2020 30.6 — 263.8 — — - 78.7 — 77.8
[99] convolutions 10.5 44.1 (Dice %)
WIAF [77] Optimized Swin BraTS2020 62.0 — 793.92 — 0.36 — 0.28 - 87.3 — 85.0
Attention UNETR and 5.23 9.75 (Dice %)
FeTS2022
lightweight Lightweight U-Net BraTs 2018 31.05 45 - - 0.93 (Dice)
3D CNN- architectural
UNet [78] design
PMFSNet Lightweight SwinUNETRVarious 3D 62.19 — 912.35 —» — — 89.74 — 91.3
[95] Architectural Datasets 0.63 15.14 (Dice %)
Design
BiX-NAS Neural U-Net MoNuSeg 8.64 — 65.83 — — - 80.7 — 82.2
[100] Architecture and TNBC 0.38 28.00 (Dice %)
Search
GA- Neural Unet 3+ LIDC-IDRI 26.97 — — 35 ms - 97.15 — 98.97
UNET3+ Architecture 1.02 (Dice %)
[101] Optimization
PRISM Lite lightweight PRISM Curated 118 — 0.1 557.82 —+ 10.46 — 0.75 — 97.15 — 98.00
[81] network 29.29 (Dice %)
architecture
PocketNet Shallow UNet Full LiTS, 90.5 — 0.8 — 5.89% increase — 0.922 — 0.93
[102] Architecture BraTs, (Dice)
Design NFBS
RIRGAN lightweight SRGAN BraTs 30.2 — 3.3 - - - PSNR: 25.05 —
[103] GAN 28.26; SSIM:
architecture 0.82 — 0.88
Modified lightweight UNet BraT$S 30 — 0.49 - = - 0.96 (Dice)
UNet [104] network
architecture

Note: Values reported as “X — Y7 denote the base / full-scale model — the lightweight model. A
reported in the original study.

dash (—) indicates a value not
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Fig. 7 Accuracy—efficiency trade-off of representative lightweight models.

which technique is most suitable for a given scenario. The answer depends on factors
such as computational resources, deployment environment, dataset characteristics, and
required accuracy.

For example, pruning is well suited for deploying models on devices with limited
memory and computational resources, where a modest loss in performance is accept-
able. Quantization, particularly low-bit precision, is effective for accelerating inference
on CPUs and edge devices, although it may introduce some performance degradation.
When maintaining high accuracy is the primary objective, knowledge distillation is
often the preferred approach, as it enables a compact student model to inherit the
predictive capability of a high-performing teacher while substantially reducing model
complexity. In contrast, architectural optimization techniques, such as depth-wise sep-
arable convolutions and lightweight 3D building blocks, are most appropriate when
designing models from scratch for resource-constrained environments, as they reduce
computational cost while preserving representational capacity. A comparative sum-
mary of these techniques is provided in Table 12. Furthermore, as illustrated in Fig. 7,
most lightweight models remain within approximately +2 percentage points of their
teacher baselines while achieving parameter reductions of one to three orders of mag-
nitude. Notably, PocketNet and PRISM Lite exceed 100x compression with only a
marginal accuracy reduction of approximately 2 percentage points, whereas LCCNet
incurs an accuracy drop of roughly 18 percentage points, illustrating the point at
which aggressive compression becomes counter-productive.

In practice, these techniques are complementary rather than mutually exclusive.
For instance, a lightweight architecture can be enhanced with knowledge distillation
to improve accuracy, followed by pruning or quantization to meet strict deployment
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Table 12 COMPARISON OF MODEL OPTIMIZATION TECHNIQUES AND THEIR TRADE-OFFS

Technique Main Best Use Accuracy Speed Memory Key
Goal Case Impact Improve- Reduction Limitations
ment
Pruning Reduce Memory- Small drop Moderate High May harm
parame- constrained improve- reduction accuracy if
ters devices ment aggressive
Quantization Reduce CPU / Edge Moderate High High Accuracy loss
precision inference drop improve- reduction at low
acceleration ment precision
Knowledge Preserve High accuracy Minimal Indirect Indirect Requires
Distilla- accuracy requirement drop teacher model
tion
Architectural Efficient Resource- Minimal / High High Requires
Optimiza- design constrained no drop improve- reduction redesign effort
tion deployment ment

constraints. Therefore, the selection or combination of strategies should be guided
by the target environment, the balance between efficiency and accuracy, and task
characteristics. By leveraging the strengths of each method, models can be designed to
achieve an optimal balance between performance, efficiency, and practical deployment.

4.4 Addressing the Research Questions

Bringing together the evidence from the previous subsections, we now return to the
four research questions defined in section 3.

RQ1 (Computational and energy demands). The reviewed state-of-the-art
models are heavy on almost every axis. As shown in Tables 6 and 7, parameters range
from around 16M for nnU-Net to about 96M for TransUNet, while FLOPs grow from
tens to several hundred G, reaching 395-554G for transformer-based designs such as
Swin UNETR and V-Net. The rise in inference time is noticeably high on CPU-only
devices. For example, for a 1 x 128 x 128 x 128 input, nnU-Net runs in about 90.9 ms
on a GPU but 3625.5 ms on a CPU. Training adds further cost, with nnU-Net needing
roughly 11 GB of GPU memory for stable performance [43].

RQ2 (Compression and optimization strategies). Four families of compres-
sion and optimization strategies dominate the literature (Fig. 6): knowledge distillation
(KD), pruning, quantization, and architectural efficiency design, with lightweight
architecture and KD being the most common. Their measured trade-offs are sum-
marised in Tables 8-12. KD usually gives a four- to sixfold reduction in parameters
and FLOPs and a two- to threefold faster inference, with a small accuracy change and,
in some cases, even a slight gain [59]. Pruning reaches very high parameter reductions,
up to 93-95% in STAMP and STAMP+ [80], though it often needs fine-tuning to
recover accuracy. Quantization lowers the bit-width (for example 32-bit to 8-bit) and
cuts memory by about 3x to 10x with near-lossless accuracy, enabling deployment on
devices such as the Raspberry Pi 4B [88]. Architectural design, using depth-wise sep-
arable convolutions, NAS, or hybrid CNN-attention blocks, can remove up to 90-95%
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of parameters with little or no accuracy loss [95, 100]. These strategies are comple-
mentary rather than exclusive, and the right choice depends on whether the target is
memory-bound, latency-bound, or accuracy-critical.

RQ3 (Opportunities and advantages). Lightweight 3D models offer faster
inference, lower energy use, and deployment on low-cost hardware such as CPU-only
laptops, edge processors, and portable ultrasound devices. This extends the bene-
fits of 3D imaging to rural, mobile, and LMIC settings that currently lack high-end
GPUs [1, 2, 10]. Beyond access, they support on-device and privacy-preserving infer-
ence, offline operation, and real-time tasks, and they align with the goals of Green
AT by lowering the carbon footprint of both training and inference [7-9]. The grow-
ing availability of public benchmarks and enabling techniques such as synthetic data,
self- /semi-supervised learning, and transfer learning further widen these opportunities.

RQ4 (Open challenges and future opportunities). Several challenges remain.
First, there is still an accuracy gap between lightweight and full-scale models, espe-
cially for small anatomical structures and class-imbalanced tasks. Second, public 3D
medical datasets originating from low-resource or portable hardware remain scarce.
While high-resolution datasets can be synthetically down-sampled, artificial degrada-
tion fails to capture the unique noise profiles, low signal-to-noise ratios, and domain
shift characteristic of real edge acquisition environments. Third, most validations are
single modality and stay at the prototype stage, with very little real-world clinical
testing. Fourth, specialized lightweight hardware and efficient 3D file formats are still
lacking. Finally, there is no standard, efficiency-aware evaluation metric that reports
accuracy together with parameters, FLOPs, memory, latency, and energy. These gaps
directly highlight the open research avenues outlined in Section 6 (Future Work
Recommendations).

5 Challenges and Opportunities for Lightweight 3D
Medical Imaging

Potential. Deep learning applied to 3D medical imaging has already demonstrated
strong clinical value across tasks such as classification, segmentation, detection, and
localization, and volumetric AI systems (e.g., RapidAI [105] for stroke imaging) are
increasingly integrated into radiology and treatment-planning workflows. By exploiting
the full spatial context of CT, MRI, and PET volumes, these methods characterise
complex tissues and pathologies more accurately than slice-wise 2D analysis. The open
question, therefore, is not whether 3D deep learning is useful, but how to make it
efficient and accessible enough for widespread, real-world deployment, which is the
focus of this section.

Despite these benefits, widespread adoption of 3D deep learning faces significant
challenges, including limited annotated datasets, high computational demands, and
concerns about data privacy and security. Training and deploying models on 3D
data requires substantial computing power, large memory, and long processing times,
restricting their use to well-equipped hospitals and research centers. Cloud computing
offers a partial remedy but is constrained by internet dependence, bandwidth limits,
and privacy concerns, particularly in low-resource settings. Lightweight deep learning
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offers a practical path around these constraints; the remainder of this section exam-
ines the key challenges and opportunities in realising efficient, deployable 3D medical
imaging.

Data Availability. The first and most significant challenge is the availability
of sufficient well-annotated data for training and evaluating models. Although 3D
imaging modalities are now routine in healthcare and large volumes of raw volumetric
data are generated daily, little of it is usable for research: it is fragmented across
institutions, subject to strict privacy regulation, and, most critically, expensive and
time-consuming to annotate at the voxel level by experts [39]. Consequently, it is
not raw data but curated, openly available, expertly labelled 3D datasets that remain
scarce, a major barrier to developing and benchmarking deep learning models.

Efforts are under way to narrow this gap. Additional data can be collected and
annotated following established technical and ethical procedures, and large population-
scale initiatives such as the UK Biobank [106] are building sufficient imaging databases.
However, such resources remain comparatively few and are usually access-controlled
and curated for high capacity models rather than resource-constrained deployment, so
the shortage of openly accessible, well-annotated 3D datasets persists. Where such data
does exist, it is valuable not only for direct training but also because knowledge from
models trained on it can be transferred or distilled into smaller, deployable networks.

Synthetic Data. To address the challenge of limited datasets, researchers have
increasingly turned to synthetic data. Synthetic 3D images, such as CT or MRI
volumes generated using AI models include data augmentation, cross-modality trans-
lation, and simulation of rare pathologies. A few popular models for synthetic
data generation include Generative Adversarial Networks (GANs) [107], Variational
Autoencoders (VAEs) [108], and, more recently, diffusion models [109]. Synthetic data
serves multiple purposes: augmentation increases the number of training instances,
while translation enables cross-modality synthesis, for example, generating CT from
MRI [110]. Studies have shown that 3D generative models can produce anatomically
coherent and clinically plausible volumes, improving the accuracy and reliability of
tasks such as segmentation and classification [111]. However, challenges remain in
maintaining inter-slice consistency, preserving clinically significant anatomical details,
and avoiding the creation of artificial or non-existent pathologies.

Self-supervised or Semi-supervised Approaches. A major challenge in deep
learning for medical imaging is the limited availability of annotated datasets, which are
considered the gold standard [76]. Creating and sharing large, high-quality datasets
labeled or validated by experts is essential for developing accurate and scalable models.
Alternatively, self-supervised or semi-supervised learning allows training on minimally
or unlabeled data [93], reducing dependence on extensive annotations and enabling
lightweight models with lower computational demands. Combining these approaches
with model compression can further enhance efficiency while maintaining performance,
helping to overcome data scarcity and computational barriers in 3D medical imaging.

Transfer Learning. Transfer learning can help by enabling a model trained on
one task or dataset to be fine-tuned for another task with limited data. However, in 3D
medical imaging, pre-trained models are scarce, and training for transfer learning still
requires large labeled datasets, which are often unavailable. Recently, 3D variants of

26



models such as ResNet, UNet, and transformers have been pretrained on MedicalNet
[112] and ModelGenesis[113], showing promising results. Yet, these models are not
directly suitable for lightweight networks due to their high computational and memory
demands, and their weights cannot be easily transferred to smaller architectures.

Specialized Hardware. A major challenge in remote and underdeveloped regions
is the limited availability of hardware with sufficient computing power and memory for
running deep learning models. Advances in micro and nanotechnology have made more
capable edge devices, such as low-power CPUs, Al accelerators, and compact memory
modules available, enabling on-device inference for lightweight applications [49, 114].
Nonetheless, there remains a need for task-specific, Al-oriented hardware optimized
for 3D medical imaging workloads rather than relying on general-purpose devices [13].
Such targeted hardware, combined with efficient model design, can improve accuracy,
reduce inference time, lower costs, and extend the benefits of advanced medical imaging
to resource-limited healthcare environments.

Handling Class Imbalance. Another major challenge in deep learning is severe
class imbalance. This limitation is particularly pronounced in volumetric medical
imaging, where target anatomical structures occupy only a tiny fraction of the over-
all volume; for example, early-stage lung nodules represent a minuscule portion of
the lung volume, and slender structures like the mandibular canal are overwhelmed
by the surrounding jawbone [35]. A common solution in large models is a two-stage
framework: first localizing or cropping the region of interest (ROI), then applying a
second model for the main task, such as classification or segmentation [115]. While
this improves focus on minority classes and reduces background interference, it adds
computational overhead. Managing class imbalance therefore remains a key challenge
in lightweight deep learning, where efficiency and compactness are essential.

Multimodal System. Most existing applications rely solely on medical images,
such as X-rays or MRIs, but clinical information like patient history, age, and demo-
graphics can also aid accurate diagnosis. Some studies have attempted to integrate
clinical data, but improvements were limited due to data scarcity and lack of proper
frameworks [116]. Multimodal research is still in its early stages, and developing
lightweight 3D models remains challenging. Additionally, most 3D deep learning mod-
els operate on image patches due to limited memory [43] or computing power, which
neglects the full anatomical context [92]. Efficiently incorporating both clinical and
anatomical information remains a key challenge in medical image analysis.

In summary, 3D medical imaging offers enhanced accuracy and spatial understand-
ing but faces challenges such as high computational cost, limited data, and difficulties
in model deployment. Recent advances in lightweight architectures, multimodal
integration, and resource-efficient training offer promising solutions. Nonetheless, bal-
ancing accuracy, efficiency, and real-world applicability remains an open challenge.
Future research should aim to develop scalable, memory-efficient 3D models suitable
for deployment in resource-constrained healthcare settings.
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6 Future Work Recommendations

Despite the significant progress in deep learning and medical imaging, numerous
challenges remain, particularly for lightweight deep learning. While various models
have been proposed, there is still ample room for improvement to enable clinical
integration and more equitable access to medical imaging. Future research should
address factors such as algorithm performance, hardware limitations, model efficiency,
multi-task learning, and the integration of multimodal clinical information. Build-
ing on the challenges identified in section 5, we outline the following key research
recommendations.

Specialized Dataset. As noted in section 5, the datasets available today are lim-
ited and, more importantly, are built for high-capacity models. A clear direction for
future work is therefore to develop compact 3D datasets tailored for lightweight mod-
els, featuring lower resolution, fewer slices, optimized memory usage, and appropriate
annotation granularity. Such datasets would support the training, benchmarking, and
deployment of lightweight deep models in remote or underdeveloped healthcare set-
tings, and standardized compact benchmarks could accelerate research on efficient
architectures and edge deployment. Closely related is the question of file formats. Med-
ical images currently use various standards, such as OME-TIFF for multidimensional
microscopy [117], but 3D volumes typically demand substantial storage and memory,
which is a poor fit for low-resource environments. Developing dedicated lightweight
3D image formats that store volumetric data efficiently while preserving essential
diagnostic information is a promising direction for enabling practical deployment on
embedded systems.

Handling Class Imbalance. As discussed in section 5, keeping models sensitive
to small, underrepresented structures without inflating their size remains unsolved for
resource-constrained 3D imaging. Future work should design lightweight architectures
and loss formulations that preserve this sensitivity without the overhead of two-stage
ROI pipelines or heavy attention modules, for example by co-designing region-focusing
components together with compression rather than adding them on top.

Multimodal Systems. Section 5 highlighted that most current systems rely on
a single modality and that integrating clinical information remains difficult under
resource constraints. The forward-looking challenge is to build lightweight models that
can handle multiple modalities at once; for example, a single compact model trained
on both CT and MRI that segments accurately regardless of the input modality. Cross-
modality knowledge distillation, where a model learns shared representations across
modalities, is one practical route and makes this a promising direction for future
research.

End-to-End 3D. Most existing medical imaging systems rely on 2D imaging
or process 2D slices from 3D volumes. True end-to-end 3D systems that take a full
3D image as input and directly produce a 3D output are still scarce and face chal-
lenges such as low accuracy, high storage requirements, long inference times, and
single-modality limitations. Developing efficient end-to-end models for volumetric data
represents a significant opportunity for future research.

Vision-Language Models. Multimodal AI, which integrates multiple data
sources such as text, images, audio, or video, is an emerging field. These models are
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often heavyweight due to separate encoders for each modality. A promising direc-
tion is the development of lightweight multimodal AI, particularly for integrating 3D
imaging data. Vision-Language Models (VLMs), which combine visual and textual
information, could be adapted for interactive systems in resource-constrained settings.
Challenges remain, especially in creating multimodal datasets with properly aligned
textual descriptions.

Generalization of Model. Most existing lightweight models are designed for a
single task, such as segmentation or classification, and comparatively few generalise
across tasks; PocketNet [102] is one of the few efficient models shown to work across
multiple datasets and tasks. A promising direction is to develop unified lightweight
models capable of performing several 3D medical imaging tasks such as classification,
segmentation, anomaly detection, and registration within a single efficient architec-
ture. By integrating lightweight design strategies such as pruning, quantization, and
knowledge distillation, such models could achieve competitive accuracy across these
tasks while remaining deployable in resource-constrained environments.

Efficiency-Aware Evaluation Metrics. A recurring gap in existing studies
is that lightweight models are often evaluated on accuracy metric, while efficiency
is reported inconsistently or not at all, which makes fair comparison across studies
difficult. Future work should move toward standardized, efficiency-aware evaluation
that reports accuracy together with parameters, FLOPs, memory footprint, inference
latency, and energy consumption, ideally combined into a single normalized score such
as accuracy-per-MFLOP or Dice-per-megabyte. A shared metric of this kind would
let the community compare lightweight 3D models on a common footing and reward
genuine efficiency gains rather than accuracy alone.

In conclusion, future research should focus on developing lightweight, efficient, and
deployable deep learning models capable of operating in resource-constrained settings.
Key directions include creating specialized lightweight 3D datasets, designing compact
data formats, addressing class imbalance, enabling cross-modality and multimodal
learning, and establishing efficiency-aware evaluation metrics. Integrating efficiency
techniques such as pruning, quantization, and knowledge distillation will be crucial to
balance performance and efficiency. These advancements will make 3D medical imaging
more accessible, scalable, and applicable in real-world clinical and ubiquitous settings.

7 Threats to Validity

This study is subject to several threats to validity, which we sought to mitigate
throughout. First, search and selection bias may arise from the choice of databases,
keywords, and inclusion criteria, potentially omitting relevant studies. To reduce this,
we defined the search string in advance (Table 3), applied a fixed set of inclusion and
exclusion criteria (Table 4), searched five major digital libraries, and supplemented
the results with backward reference screening (snowballing) to widen coverage. Sec-
ond, publication bias could limit the evidence base, as studies reporting positive results
are more likely to be published than those with negative or inconclusive findings; to
partially offset this, we included preprint sources (e.g., arXiv) alongside peer-reviewed
venues, although this bias cannot be entirely eliminated. Third, to minimize review
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bias during screening and selection, decisions were independently evaluated by a co-
author, and disagreements were resolved through discussion. Finally, given the rapid
pace of research in deep learning and medical imaging, some recent or emerging mod-
els may not be fully captured, and we therefore repeated the searches periodically up
to the final search date.

8 Conclusion

This paper presented a systematic review of lightweight deep learning for process-
ing 3D medical images (volumes) in resource-constrained environments. Following the
PRISMA methodology, we analysed the reviewed studies and organised the field into
four families of efficiency techniques: knowledge distillation, pruning, quantization,
and architectural design and examined the datasets, tools, and deployment settings
involved. Two findings stand out. First, research on efficient 3D models has grown
rapidly, peaking in 2025, with segmentation as the dominant task and lightweight
architectural design and knowledge distillation as the most common strategies. Sec-
ond, and most importantly, lightweight models do not necessarily sacrifice predictive
performance: many achieve one to three orders of magnitude reduction in parame-
ters, FLOPs, and inference time while retaining and sometimes improving accuracy,
indicating that efficiency and accuracy can be pursued together rather than traded off.

Despite this progress, the field remains at an early stage of clinical translation.
The scarcity of well-annotated and compact 3D datasets, weak integration between
imaging and clinical information, and limited access to specialised hardware continue
to constrain progress. Crucially, evaluations are rarely conducted on real resource-
constrained hardware, and reported efficiency gains are measured inconsistently across
studies, making fair comparison difficult. Addressing this requires a shift beyond
simply reducing model size: future work should adopt standardised, efficiency-aware
evaluation that reports accuracy alongside parameters, FLOPs, memory, inference
latency, and energy; curate compact 3D datasets and benchmarks tailored to low-
resource deployment; and extend lightweight design to cross-modality and multimodal
settings. Realising this vision will depend on close collaboration among Al researchers,
clinicians, and hardware developers. Ultimately, the goal is not merely smaller models,
but reliable, affordable, and deployable 3D medical imaging that operates effectively
where computational resources are limited.
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