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Abstract

Accurate liver segmentation from
three-dimensional (3D) computed tomography
(CT) volumes is a critical step in computer-aided
diagnosis, surgical planning, and disease
quantification. Despite substantial progress in
deep learning, achieving robust and generalizable
liver segmentation remains challenging due
to complex organ boundaries, pathological
variations, and domain shifts across scanners.
This review provides a comprehensive overview
of 3D volumetric liver segmentation techniques,
spanning from classical model-based methods to
contemporary transformer-driven frameworks. We
categorize existing methods into three paradigms:
(1) classical statistical and atlas-based methods,
(2) deep convolutional architectures, and (3)
hybrid and attention-based transformer approaches.
Key benchmark datasets, evaluation metrics, and
performance comparisons are discussed in detail.
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Furthermore, we highlight open challenges, such
as data imbalance, domain generalization, and
clinical interpretability, and propose potential
future directions, including self-supervised
learning, multi-modal integration, and foundation
models. Additionally, we identify evolving
trends toward dual-stream CNN-Transformer
integration, attention-enhanced spatial reasoning,
and foundation-model-driven segmentation
pipelines. This review aims to serve as a reference
for researchers and practitioners seeking to develop
next-generation 3D liver segmentation systems.

Keywords: 3D liver segmentation, computed tomography,
deep learning, transformers, medical image analysis,
self-supervised learning.

1 Introduction

Liver is one of the most vital and complex organs
in the human body, performing critical metabolic,
synthetic, and detoxifying functions. Liver cancer
is the sixth most diagnosed cancer and the third
most frequent cause of cancer death worldwide [1].
Accurate assessment of liver structure and function is
essential for the diagnosis and treatment of hepatic
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diseases such as hepatocellular carcinoma (HCC),
cirrhosis, fatty liver disease, and metastatic tumors
[2]. CT imaging has become the modality of choice for
liver analysis due to its high spatial resolution, rapid
acquisition time, and compatibility with 3D volumetric
visualization. However, the extraction of the liver
region and liver tumor from CT volumes, known as
liver tumor segmentation, remains a challenging and
essential task in computer-aided diagnosis, surgical
planning, and radiotherapy dose calculation [4, 5]. As
can be seen from Figure 1, the muscle around the liver
and the small difference in gray-scale contrast between
other organs and the liver tumor result in blurred
edges, posing a challenge in segmenting the liver
tumor. At the same time, the size and location of liver
tumors vary between individuals, and liver tumors
are spread over multiple slices of CT images with
subtle differences between different slices, all of which
pose a great challenge to the liver tumor segmentation
task. Medical imaging techniques are frequently
used in the clinical evaluation of liver diseases to
provide fairly detailed images of soft-tissue organs via
a non-invasive procedure, resulting in cross-sectional
images of the abdominal cavity, where the liver is
located. Several imaging modalities can be used to
analyze the liver in clinical practice routine, with CT
being one of the most frequently used, particularly in
the context of liver cancer. Therefore, the segmentation
of liver structures in CT images has gained increasing
attention from the research community in the
last decade since it represents an important step
towards computer-assisted diagnosis and/or treatment
planning for various hepatic diseases.

Manual delineation of liver boundaries by radiologists
is considered the gold standard, but it is an
extremely time-consuming, labor-intensive, and
subjective process prone to intra- and inter-observer
variability. As medical imaging data continue to grow
exponentially, there is an urgent demand for automatic
and accurate liver segmentation methods capable
of handling diverse patient anatomies, imaging
protocols, and disease conditions. Automated
segmentation not only reduces the workload of
clinicians but also improves reproducibility and
precision in downstream clinical applications such as
tumor detection, volumetric quantification, and 3D
surgical simulation.

Over the past two decades, liver segmentation
research has evolved through several methodological
paradigms. Early approaches relied on low-level
image processing techniques, such as thresholding,

region growing, edge detection, and active contour
models, which were limited by noise sensitivity and
poor generalization across datasets [3]. Subsequent
advances introduced model-based strategies,
including statistical shape models, level-set methods,
and atlas-based registration, which improved
anatomical consistency but still struggled in cases of
pathological deformation or low contrast between the
liver and surrounding organs.

The emergence of deep learning, particularly
convolutional neural networks (CNNs),
revolutionized medical image segmentation by
enabling data-driven feature learning and hierarchical
representation extraction. The introduction of U-Net
[7] and its variants (e.g., 3D U-Net [8], V-Net [6])
provided powerful encoder-decoder frameworks
that achieved unprecedented segmentation accuracy
on 2D and 3D medical images. These architectures
leveraged skip connections, multi-scale feature fusion,
and end-to-end training to capture both global
context and fine anatomical details. The success of
CNN:s led to their rapid adoption in numerous liver
segmentation studies, often trained and evaluated on
public benchmark datasets such as LiTS (Liver Tumor
Segmentation Challenge) and 3DIRCADD.

Despite their remarkable performance, purely
convolutional models exhibit limitations in capturing
long-range spatial dependencies due to their local
receptive fields. To address this, hybrid architectures
integrating attention mechanisms and vision
transformers (Vils) have recently emerged as
promising alternatives. Models such as TransUNet
[9] and Swin-UNETR [10] combine convolutional
backbones with transformer-based encoders to model
global relationships and improve boundary precision.
These transformer-driven methods demonstrate
superior generalization and robustness, especially
in complex clinical scenarios with irregular tumor
morphologies or domain shifts between institutions.

In parallel, several complementary research directions
have gained traction.  Self-supervised learning
(SSL) and contrastive pretraining enable models to
learn from large-scale unlabeled medical datasets,
mitigating the scarcity of annotated data. Multi-modal
segmentation techniques integrating CT, MRI, and
PET data enhance tissue differentiation by leveraging
complementary information. Furthermore, federated
learning and domain adaptation methods aim to
address privacy constraints and improve cross-domain
performance without direct data sharing between



IC3K

ICCK Transactions on Applied Intelligence and Cybernetics

Figure 1. Liver tumor segmentation results of the ISBI-LiTS 2017 challenge [5].

hospitals.

This review provides a comprehensive and systematic
overview of the evolution of 3D liver segmentation
from CT volumes. We summarize and compare
existing methods across three major paradigms:
(1) classical model-driven approaches, (2) deep
learning-based convolutional networks, and (3) hybrid
and transformer-based architectures. We also discuss
the most commonly used public datasets, evaluation
metrics, and quantitative benchmarks. In addition,
the review highlights key challenges such as data
imbalance, domain generalization, computational
cost, and clinical integration and proposes potential
research directions, including foundation models,
interpretable Al, and real-time surgical assistance
systems.

2 Anatomical and Clinical Background

The human liver is the largest solid organ in the
body. It performs a multitude of vital physiological
functions, including metabolism of carbohydrates, fats,
and proteins; synthesis of plasma proteins and bile;
detoxification of harmful substances; and regulation
of glycogen storage [4]. Because of its essential
role in maintaining homeostasis, even minor hepatic

abnormalities can have profound clinical implications.
Consequently, accurate imaging and quantitative
analysis of the liver are indispensable in modern
clinical practice.

From an anatomical standpoint, the liver is divided
into right and left lobes by the middle hepatic vein
and further subdivided into eight Couinaud segments
based on vascular and biliary anatomy. Each segment
has its own vascular inflow, outflow, and biliary
drainage, which makes segment-level volumetric
analysis crucial for surgical planning, especially in
liver resection and transplantation [3]. CT imaging
provides excellent spatial resolution for visualizing
these structures, allowing radiologists and surgeons to
assess the liver parenchyma, detect focal lesions, and
evaluate vascular integrity.

2.1 Liver Appearance and Imaging Characteristics
in CT
In CT imaging, the liver typically exhibits a nearly
homogeneous soft-tissue intensity distribution,
slightly higher than the spleen in the portal venous
phase. However, its intensity characteristics vary
depending on the contrast phase, pathology, and
imaging parameters. Standard liver CT protocols
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often include three contrast-enhanced phases: arterial,
portal venous, and delayed. The portal venous phase,
acquired approximately 60-70 seconds after contrast
injection, provides optimal parenchymal enhancement
and is most commonly used for segmentation tasks
due to the clear boundary between the liver and
surrounding organs.

Despite this, delineating the liver boundary remains
challenging because of several confounding factors:

e Intensity Overlap: Adjacent organs such as the
stomach, right kidney, and spleen often exhibit
similar Hounsfield unit (HU) values, leading to
ambiguous boundaries.

e Anatomical Variability: The shape, size,
and position of the liver vary significantly
across patients due to age, body habitus, and
pathological deformation.

e Partial Volume Effects: The limited spatial
resolution of CT may cause voxel intensities to
represent a mixture of tissues, complicating edge
delineation.

e Pathological Alterations: Tumors, cysts, and
cirrhotic nodules can distort local intensity
patterns, further complicating segmentation.

These factors collectively increase the complexity of
automated segmentation algorithms and demand
sophisticated models that can adapt to heterogeneous
imaging conditions.

of Liver

2.2 Clinical Relevance Accurate

Segmentation

Accurate 3D liver segmentation is pivotal in a variety
of clinical workflows. In preoperative planning,
surgeons rely on volumetric analysis of the liver
and its vascular system to assess the remnant
liver volume (RLV) before partial hepatectomy.
Underestimation of RLV may lead to postoperative
liver failure, while overestimation could exclude
potentially operable cases [5]. Automated 3D
segmentation facilitates interactive surgical simulation,
enabling the visualization of tumor location relative
to hepatic vessels and aiding in the design of safe
resection margins.

In radiation therapy, segmentation supports dose
planning to avoid irradiation of healthy liver tissue.
Similarly, in interventional radiology, volumetric
segmentation is used to guide procedures such
as transarterial chemoembolization (TACE) and

radiofrequency ablation (RFA), ensuring precise
targeting of lesions. Moreover, quantitative liver
segmentation assists in disease assessment for instance,
estimating the hepatic fat fraction in non-alcoholic
fatty liver disease (NAFLD) or measuring fibrosis
progression in chronic hepatitis.

In the context of liver transplantation, 3D segmentation
provides critical information about donor and
recipient anatomy, allowing volumetric matching
and assessment of vascular variants. In living-donor
transplantation, especially, segmentation supports
virtual hepatectomy simulation to ensure adequate
graft volume for the recipient and sufficient remnant
for the donor.

2.3 Challenges in Clinical Imaging and Annotation

The clinical environment introduces additional
constraints that complicate dataset creation and
algorithm development. High inter-scanner
variability, differences in acquisition protocols,
and noise artifacts all affect image quality.
Furthermore, manual annotation of 3D CT volumes
is labor-intensive, typically requiring several hours
per case, and demands expert radiological expertise.
Inter-observer variability remains a significant
issue, as even experienced radiologists may differ in
boundary interpretation especially in low-contrast or
pathological regions.

To address these challenges, various initiatives such
as the Liver Tumor Segmentation (LiTS) challenge
and the Medical Segmentation Decathlon (MSD) have
provided publicly available annotated datasets and
standardized evaluation protocols. These datasets
have significantly accelerated progress by enabling
fair benchmarking and reproducibility. Nonetheless,
clinical deployment of segmentation systems still faces
regulatory and ethical barriers, particularly concerning
model interpretability, reliability, and patient safety.

2.4 From Anatomy to Computation

Understanding the anatomical and clinical complexity
of the liver is essential for designing effective
computational models. The hierarchical vascular
and lobular structure of the liver motivates the use
of multi-scale feature learning in neural networks,
where both global and local spatial dependencies
are crucial. The intricate interplay between liver
parenchyma, vessels, and lesions requires algorithms
capable of capturing contextual relationships beyond
pixel intensity. In particular, transformer-based
architectures have shown promise in modeling such
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long-range dependencies that mirror the organ’s
physiological organization.

Accurate liver segmentation serves as the foundation
for a wide range of clinical and computational
tasks. A detailed understanding of liver anatomy,
its imaging characteristics, and associated clinical
requirements provides the necessary context for
evaluating the performance and practical utility of
modern segmentation algorithms. This section thus
establishes the biological and clinical motivation
for the methodological developments discussed in
subsequent sections.

3 Datasets and Evaluation Metrics

Accurate and reproducible segmentation of liver
structures in CT) images heavily depends on the
quality and diversity of annotated datasets and
the rigor of evaluation metrics used to benchmark
algorithmic performance. The development of deep
learning-based 3D volumetric segmentation models
has been accelerated by the availability of publicly
accessible datasets and well-defined quantitative
metrics, which together ensure objective comparison,
reproducibility, and clinical reliability. This section
discusses the most widely used liver CT datasets,
their annotation protocols, and the primary evaluation
metrics employed in the literature.

3.1 Publicly Available Datasets

Several benchmark datasets have been released to
support the research community in liver and tumor
segmentation. These datasets vary in acquisition
protocols, contrast phases, voxel resolution, and
labeling granularity. Table 1 summarizes the key
characteristics of representative 3D liver segmentation
datasets.

3.1.1 Liver Tumor Segmentation (LiTS) Challenge Dataset

The Liver Tumor Segmentation (LiTS) dataset [5]
was introduced as part of the ISBI 2017 and MICCAI
2017 challenges. It contains 131 contrast-enhanced
3D abdominal CT scans collected from multiple
clinical centers, along with manually annotated liver
and tumor masks. The scans exhibit heterogeneous
acquisition parameters (voxel spacing ranging from
0.6 to 1.0 mm and slice thickness between 0.7 and
5.0 mm), providing robustness against scanner and
patient variability. The LiTS dataset remains the de
facto benchmark for deep learning-based 3D liver
segmentation.

3.1.2 3DIRCADUb Dataset

The 3D-IRCADb dataset [11] includes 20
high-resolution contrast-enhanced CT volumes
acquired from different patients with varying
pathologies such as hemangiomas, metastases,
and cysts. The dataset offers detailed manual
segmentations of the liver, hepatic vessels, and
tumors. Each volume has an in-plane resolution
of approximately 0.56 mm and a slice thickness of
1.0 mm. Despite its limited sample size, 3SDIRCADb
is valuable for algorithm validation due to its
high annotation accuracy and complex anatomical
variability.

3.1.3 Medical Segmentation Decathlon (MSD) — Task 08:
Hepatic Vessels

The MSD dataset [12] provides a standardized
platform for evaluating 3D medical segmentation
algorithms across multiple organs. Task 08 focuses on
liver and hepatic vessel segmentation from 303 3D CT
scans. The dataset’s uniform preprocessing pipeline
(isotropic resampling, intensity normalization)
and extensive annotations make it suitable for
benchmarking both liver parenchyma and vessel
segmentation models.

3.1.4 CHAOS Challenge Dataset

The Combined Healthy Abdominal Organ
Segmentation (CHAOS) dataset [13] includes
both CT and MRI scans of the liver, kidneys, and
spleen. For CT data, 40 3D volumes are provided
with ground-truth annotations of liver boundaries.
The dataset enables multi-modal learning and
cross-domain adaptation studies, as it provides both
modalities under consistent labeling schemes.

3.1.5 LITS++ and MSD (Medical
Decathlon)

The Medical Segmentation Decathlon (MSD) [14] Task
3 (Liver) provides 201 contrast-enhanced CT volumes
with annotations for liver and tumors. It merges data
diversity with high-quality voxel-level annotations and
serves as a strong benchmark for transfer learning and
cross-domain studies. The LITS++ dataset further
standardizes preprocessing and labels, promoting fair
comparison among architectures.

Segmentation

3.1.6 BTCV and Synapse Multi-organ Datasets

Beyond liver-focused datasets, multi-organ
segmentation datasets like BTCV (Beyond the
Cranial Vault) and Synapse [15] contain liver labels
alongside other organs. These are crucial for testing
the generalizability of liver segmentation models
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in multi-organ settings and for developing unified
abdominal segmentation frameworks.

3.1.7 Private Clinical Datasets

Beyond public repositories, many researchers utilize
in-house clinical datasets comprising hundreds of CT
scans annotated by expert radiologists [16]. Such
datasets often cover a broader range of pathological
variations (tumors, post-surgical changes, steatosis)
and provide real-world data heterogeneity. However,
their restricted accessibility limits reproducibility and
standardized evaluation across studies.

3.2 Dataset Characteristics and Preprocessing

Different datasets present diverse voxel resolutions,
typically ranging from 0.5-1.5 mm in the axial plane
and 1-5 mm inter-slice spacing. Preprocessing steps
such as resampling, intensity clipping (e.g.,, HU
= [-200, 250]), normalization, and organ-centric
cropping are standard practices. Data augmentation
techniques—random rotation, scaling, elastic
deformation, and intensity perturbation—help
mitigate limited dataset size and prevent overfitting.
Some recent works [17] also leverage hybrid
augmentation strategies combining geometric and
intensity-based transformations.

3.3 Evaluation Metrics for 3D Segmentation

Robust datasets and standardized evaluation metrics
are indispensable for advancing liver segmentation
research. The diversity of publicly available datasets
ensures algorithm generalizability across scanners
and populations, while quantitative metrics facilitate
fair comparison and clinical benchmarking. Future
works increasingly combine multiple datasets and
evaluation protocols to build models with strong
domain transferability and clinical robustness.The
evaluation of liver segmentation algorithms relies
on both volumetric overlap measures and boundary
distance metrics. These metrics quantify spatial
agreement between the predicted segmentation .S, and
the ground truth mask S, providing complementary
insights into model accuracy. Table 2 summarizes the
most widely used metrics in the literature.

3.3.1 Dice Similarity Coefficient (DSC)

The Dice Similarity Coefficient [59] is the most widely
used metric for segmentation evaluation and measures
the volumetric overlap between prediction and ground
truth. Equation 1 presents the mathematical

10

formulation of the DSC.
2[Sp N Sy
|Sp| + Syl

where |S,| and |S,| represent the number of voxels in
the predicted and ground-truth regions, respectively.
A DSC of 1 indicates perfect overlap, while 0 indicates
no overlap. In clinical applications, DSC values above
0.95 are considered highly accurate for organ-level
segmentation [4].

DSC = (1)

3.3.2 Intersection over Union (IoU)

The Intersection over Union (IoU) [60], also known as
the Jaccard Index, measures the ratio of intersection
to the union of the predicted and reference masks.
Equation 2 provides the mathematical definition of
the IoU.

‘S p ns g‘ ( 2)
[Sp U Syl

IoU is generally lower than DSC but provides a stricter
evaluation of segmentation consistency, especially for
irregular boundaries.

IoU =

3.3.3 Hausdorff Distance (HD) and 95th Percentile HD
(HD95)

The Hausdorff Distance quantifies the maximum
surface distance between two contours, measuring
the worst-case boundary deviation. The mathematical
expression of the HD is given in Equation 3.

sup inf ||z — yl|,
xE€Sp yESy

HD(Sp, Sy) = max{

(3)
sup inf [l — y/| }
yeSy T Sp

Due to sensitivity to outliers, the 95th percentile
Hausdorff Distance (HD95) is often preferred, which
excludes the largest 5% of boundary errors [18].

3.3.4 Average Symmetric Surface Distance (ASSD)

The Average Symmetric Surface Distance [18]
computes the mean bidirectional distance between
corresponding surface points of S, and S,. Equation 4
presents the mathematical formulation of the ASSD.

1
A = i —
SSD(Sp, S9) \Spy+|sg< > min o =y

x€Sp
+ 3 minflz —y)
YyESy
(4)

ASSD provides a robust assessment of overall
boundary smoothness and is especially useful in
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Table 1. Summary of commonly used 3D CT liver segmentation datasets.

Dataset Modality

Resolution (mm)

Annotations

CT (contrast)
CT (contrast)
CT (contrast)
CT, MRI

LiTS (2017) [5]
3DIRCADb (2010) [11]
MSD Task 08 (2019) [12]

CHAOS (2021) [13] 1.0-3.0

0.6-5.0 slice thickness
0.56 x 0.56 x 1.0
1.0 isotropic

Liver, tumor

Liver, vessel, tumor
Liver, vessels

Liver, kidney, spleen

Table 2. Common segmentation evaluation metrics. P denotes the predicted region and G the ground truth.

Metric Definition
2|PNG| , L
DSC DSC = PG Measures spatial overlap between the prediction and
ground truth.
IPNG| . . . . .
IoU IoU = UG A stricter overlap metric, widely used in segmentation
benchmarks.
HD HD(P,G) = max{sup inf d(p,g), sup infd(g,p)}. Measures the
peEP geG geG peEP
maximum boundary deviation.
ASSD Mean bidirectional surface distance between segmentation and ground truth
boundaries; less sensitive to outliers than HD.
VOE VOE = 1 — IoU. Represents the percentage of non-overlapping volume.

Used in MICCAI-SLiVERO7.

clinical scenarios where minor misalignments may not
affect diagnosis.

3.3.5 Volume Difference (VD)

The Volume Difference (VD) measures the absolute
or relative difference in segmented volume between
prediction and ground truth [18]. The mathematical
expression of the VD is given in Equation 5.

[15p] = 15l

x 100%
Syl

VD = %)

It evaluates the model’s volumetric bias, which is
important for quantitative liver volumetry and surgical
planning applications.

3.4 Discussion

Each evaluation metric highlights a different aspect
of segmentation quality. =~ While overlap-based
metrics (DSC, IoU) capture overall shape conformity,
boundary-based measures (HD, ASSD) assess spatial
precision. Clinically, a combination of DSC > 0.95,
ASSD < 2 mm, and HD95 < 10 mm is typically
required for acceptable performance [5]. The choice of
metrics should align with the clinical objective—tumor
boundary detection may emphasize HD95, whereas
volumetry prioritizes VD and DSC.

4 Classical Segmentation Methods

Classical liver segmentation methods for 3D CT
volumes primarily relied on intensity-based and
region-based techniques, exploiting the relatively
homogeneous appearance of liver tissue in Hounsfield
units. Early approaches commonly used thresholding
combined with region growing, where seed points
were initialized inside the liver and expanded based
on intensity similarity and connectivity constraints.
Another popular method is the watershed algorithm
with morphological preprocessing, which has been
widely applied to liver segmentation due to its ability
to handle gradient-based boundaries and reduce
over-segmentation through morphological filtering
[19]. Deformable models and level-set methods
became popular, with advancements such as level
set evolution without re-initialization improving
efficiency by eliminating periodic reinitialization
[20]. Atlas-based strategies incorporated probabilistic
atlases and multi-level statistical shape models
for anatomical consistency [21].  Additionally,
graph-based energy minimization techniques,
notably interactive graph cuts, enabled globally
optimal segmentation of object boundaries and
regions in volumetric medical images [22]. While
computationally efficient, these methods were highly

11
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sensitive to noise, low contrast at liver boundaries,
and intensity overlap with adjacent organs such as
the spleen and stomach, limiting their robustness in
pathological cases [124].

To address boundary leakage and shape irregularities,
deformable models and level-set methods became
popular for 3D liver CT segmentation. These
techniques evolved an initial contour toward object
boundaries by minimizing an energy functional that
combined image gradients, region statistics, and
smoothness constraints. Notable works demonstrated
improved boundary adherence and topological
flexibility compared to simple region growing;
however, they still required careful initialization and
parameter tuning, and their performance degraded in
the presence of weak edges or severe liver deformation

[4].

Another major class of classical approaches involved
atlas-based and statistical shape models, which
incorporated prior anatomical knowledge of liver
shape and spatial location. In these methods, a
labeled liver atlas (or multiple atlases) was registered
to a target CT volume, and segmentation was
transferred via deformable registration. Multi-atlas
fusion strategies further improved accuracy by
combining results from several atlases, but at the
cost of high computational complexity and sensitivity
to registration errors. Despite these limitations,
atlas-based methods laid important groundwork for
later learning-based approaches [4, 125].

4.1 Limitations and Transition to Learning-Based
Approaches

Despite significant progress, classical methods rely
on predefined heuristics, manual initialization, and
handcrafted features, which limit generalization across
varying patient anatomies and acquisition protocols.
Their performance deteriorates in cases with irregular
lesions, low contrast, or noise. These limitations
catalyzed the transition toward data-driven and
learning-based segmentation paradigms. With the
advent of deep convolutional neural networks and
volumetric architectures, models can automatically
learn hierarchical representations and spatial context,
overcoming many challenges inherent to traditional
methods.

5 Deep Learning-Based Convolutional
Networks for 3D Liver Segmentation

Deep learning has become the dominant paradigm
for automatic liver segmentation in volumetric CT

12

imaging, replacing traditional model-driven methods
based on active contours, level sets, and statistical
shape models. Unlike hand-crafted approaches that
relied on manually derived texture, boundary, or
intensity descriptors, convolutional neural networks
(CNNs) learn hierarchical representations directly
from raw voxel data, enabling the extraction of
discriminative spatial and contextual features that
are crucial for separating liver parenchyma from
surrounding anatomical structures such as the
stomach, spleen, pancreas, and vasculature.

The adoption of deep learning in liver segmentation
can be divided into three major evolutionary stages:
(1) 2D slice-based CNNs adapted from natural-image
models, (2) 2.5D segmentation methods (3) fully
volumetric 3D convolutional architectures, and (4)
cascaded and multi-scale hybrid CNNs designed to
refine boundary accuracy, anatomical consistency, and
robustness across multi-institutional datasets.

5.1 2D Segmentation Methods

Early advances in deep learning for liver segmentation
were primarily based on 2D CNNs, which process CT
volumes slice-by-slice instead of as full 3D data. These
models became foundational in medical image analysis
due to their low memory footprint, efficient training on
limited hardware, and availability of large annotated
2D datasets. The 2D segmentation pipeline can be
mathematically expressed as a pixel-wise mapping in
equation 6:

f9 :RHXW _)RHXW (6)

where H and W denote height and width of each
axial CT slice, and fj represents a CNN with learnable
parameters 6.

While 2D architectures do not incorporate inter-slice
continuity or volumetric shape priors, they remain
relevant for weakly-supervised settings, low-resource
clinical systems, and transfer learning.

5.1.1 Fully Convolutional Networks (FCN)

Shelhamer et al. [23] introduced the first end-to-end
fully convolutional architecture for semantic
segmentation, replacing fully connected layers
with convolutional layers and enabling arbitrary
input size prediction. Early works adapted FCN
for liver CT, using multi-scale skip connections and
post-processing via CRF or region growing. FCNNs
have shown promising results in liver segmentation
due to their ability to capture local details and
capture intricate boundaries between the liver and
surrounding structures [61]. Automatic liver and
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lesion segmentation with cascaded fully convolutional
networks (CFCN) and dense conditional random
fields (CRF) are shown in Figure 2 However, FCN
suffers from coarse boundary predictions due to
progressive downsampling and lacks explicit spatial
detail recovery, making it suboptimal for anatomical
segmentation.

5.1.2 U-Net and Its Variants

The breakthrough architecture for medical
segmentation was U-Net by Ronneberger et al.
[7]. It introduced a symmetric encoder—decoder
structure with skip connections that preserve
high-resolution spatial information. U-Net became
the first widely adopted deep model for liver
segmentation and remains a strong baseline due
to its ability to learn from small datasets.With data
augmentation, the U-Net network will achieve more
accurate segmentation with fewer training images.
Given an input slice I € R7*W, U-Net computes
feature maps through hierarchical convolutions and
reconstructs the probability map using upsampling:

(7)

where o(-) is the sigmoid activation for binary liver
segmentation.

P =0(Goye (Fone(1)))

Numerous U-Net extensions have been proposed for
CT liver segmentation:

e ResUNet introduces residual blocks to stabilize
deep gradient flow [24].

e Attention U-Net integrates spatial and channel
attention gates to suppress irrelevant structures
[25].

e CE-Net adds context extractor modules (DAC +
RMP) to enhance receptive field size [26].

e UNet++ redesigns skip pathways using dense
nested connections for improved semantic fusion
[27,119].

e DeepLabV3+ applies atrous spatial pyramid
pooling (ASPP) to capture multi-scale features
[28].

These models achieve strong performance in
tumor-free liver segmentation, but accuracy degrades
in cases of:

e Poor contrast between liver and surrounding
organs

e Shape deformity due to hepatomegaly or resection

e Partial-volume effects across axial slices

e Multi-phase CT where liver intensity varies across
scans

5.1.3 Limitations of 2D Liver Segmentation

Although 2D approaches are computationally efficient,
they lack volumetric contextual awareness. Liver
boundaries in CT are often ambiguous in axial views,
particularly near the dome and inferior edges. This
results in inconsistent per-slice predictions, producing
jagged 3D reconstructions and large Hausdorff
distances.

To mitigate this limitation, post-processing strategies
such as 3D connected component filtering, CRF
smoothing, and morphological closing are often
required, but these do not resolve true anatomical
inconsistency.

5.1.4 Challenges and Limitations of CNN-Based Methods

Despite  achieving  state-of-the-art  accuracy,
CNN-based 3D liver segmentation models face
several constraints:

e High GPU memory consumption for full-volume
3D training,

e Limited generalization across scanners, protocols,
and populations,

e Difficulties in learning small or atypical lesions
due to voxel imbalance,

e Dependency on large annotated
datasets—expensive in medical imaging,

e Sensitivity to domain shift, motion artifacts, and
contrast phase variation.

These limitations motivated the evolution toward
hybrid CNN-Transformer architectures, which
incorporate long-range spatial attention and global
context learning, discussed in the next section.

5.2 2.5D Segmentation Methods

25D segmentation represents an intermediate
paradigm between purely 2D slice-wise segmentation
and full 3D volumetric segmentation. Instead of
treating each slice independently as in 2D CNNs
or processing the entire voxel grid simultaneously
as in 3D CNNs, 2.5D models leverage multi-slice
contextual information by stacking adjacent slices
as additional input channels. This strategy enables
partial modeling of spatial continuity while keeping
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Figure 2. Automatic liver and lesion segmentation with cascaded fully convolutional networks (CFCN) and dense
conditional random fields (CRF) [29, 123] .

computational demands significantly lower than full
3D architectures.

Many clinical imaging modalities such as CT or MRI
are volumetric in nature, but exhibit highly anisotropic
voxel spacing: the in-plane resolution (x-y) is often
much higher than inter-slice spacing (z). Fully
3D CNN s struggle with this imbalance and require
large memory footprints, whereas 2D CNN:Ss fail to
capture inter-slice dependencies. 2.5D methods were
introduced to balance these limitations:

e Retain limited 3D contextual awareness using

neighbouring slices.

Enable the use of 2D ImageNet-pretrained
backbones (e.g., ResNet, Swin-T, ConvNeXt).

Reduce GPU memory and FLOPs compared to 3D
CNNs.

Improve robustness for thin, small, or weakly
contrasted anatomical structures.

The 2.5D networks generally contain 2D and 3D
convolutional operations to achieve different functions.
For example, Li et al.[62] proposed H-DenseUNet, a
hybrid densely connected for liver tumor segmentation
task. And this model consists of a 2D DenseUNet
to obtain intra-slice features and a 3D DenseUNet
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for summarizing volumetric contexts. The hybrid
feature information fusion layer optimizes both
intra-slice representations and inter-slice features
based on an automated context algorithm. In
order to simultaneously utilize intra-slice semantic
feature information and inter-slice continuity feature
information to extract discriminative features, Wang
et al. [63] proposed a 2.5D segmentation network,
and this network consists of a multi-branch decoder
for learning the features of a specific slice and
an attention block for slice-centric, which is a
densely connected dice loss function to normalize
the intra-slice segmentation results to continuity.
Zhang et al. [64] utilized a scaling approach to
allow the segmentation network to focus only on
useful localities, which reduces the parameters in the
segmentation model and thus reduces the hardware
resource requirements. Ben-Cohen et al. [65] changed
the original FCN to a 2.5D FCN and introduced the
idea of generative adversarial to improve segmentation
results. The Triplanar FCN based on FCN was
proposed by Wang et al. [66] to take advantage of 3D
spatial feature information and integrate the results
in three dimensions. proposed Triplanar FCN by
making full use of 3D spatial information to segment
in each of the three dimensions and integrating the
results. Ahn et al. [67] input three consecutively
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sliced images into the network as three channels and
performed the segmentation task in the center region
of the images. The encoder component is based on a
modified Xception model that includes down sampled
layers and null-separable spatial pyramid pooling
units, and the decoder part is a series of bilinear
up-sampled layers connected to the encoder’s skip
connections. In order to attain a balance between
computational cost and segmentation accuracy, and
the utilization of 3D context information, Zhang et
al. [68] designed a new 2.5D network that encodes
the interlayer information in a 3D convolutional
context and reconstructs the high-resolution result
with 2D deconvolution. This structure can achieve
effective multidimensional feature extraction without
increasing the computational effort and increase the
segmentation capability and efficiency of the model.

5.3 Major CNN Architectures
Segmentation

for 3D Liver

The development of deep learning-based liver
segmentation has been heavily driven by architectural
innovations in encoder—decoder networks, volumetric
convolution, multi-scale feature aggregation, and
attention-driven representation learning. This section
reviews the key architectures that have influenced the
field, starting from the seminal U-Net to the current
state-of-the-art self-configuring pipelines.

5.3.1 U-Net and Early 2D Encoder—Decoder Architectures

U-Net [7] introduced a symmetric
contracting-expanding architecture with skip
connections, enabling high-resolution feature recovery
and precise pixel-level localization.  Although
originally designed for 2D biomedical images,
U-Net served as the foundation for early liver
segmentation attempts using axial slices. These
models were limited by slice-wise inconsistency
and poor volumetric reasoning; however, they
demonstrated that end-to-end deep learning could
outperform hand-crafted pipelines even without
explicit anatomical priors.

Several works extended U-Net for liver segmentation
by incorporating multi-scale feature extraction, dilated
convolutions, or residual blocks [123]. Yet, all 2D
variants shared a common limitation: the inability
to model inter-slice continuity, which is critical when
differentiating liver boundaries from adjacent organs.

5.3.2 V-Net: The First Fully Volumetric Segmentation
Network

V-Net [6] was the first major architecture to introduce
fully 3D convolutions, replacing 2D kernels, pooling,
and upsampling with their 3D counterparts. Unlike
U-Net, V-Net employed residual blocks and a
Dice-based loss function, designed to mitigate
extreme foreground-background imbalance in organ
segmentation. The V-Net architecture enabled direct
voxel-wise prediction while learning high-level 3D
shape priors, setting a new baseline for volumetric
liver segmentation.

Mathematically, V-Net introduced the soft Dice loss:

2 Zfil Pig; + €

£Dice =1- N N
Do PP i gF e

(8)

where p; and g; represent predicted and ground truth
voxel labels, N is the number of foreground voxels,
and e stabilizes division. This formulation remains
one of the most widely used loss functions in liver
segmentation.

5.3.3 3D U-Net: Volumetric Extension of U-Net

Cigek et al. [8] introduced 3D U-Net, an extension of
U-Net that replaced all operations with 3D variants,
introducing skip fusion between encoder and decoder
in volumetric space. Unlike V-Net, 3D U-Net relied
on patch-based training, enabling memory-efficient
training at full anisotropic resolution. 3D U-Net
rapidly became the standard baseline for 3D medical

segmentation, including liver and tumor prediction in
LiTS and 3DIRCADbD.

3D U-Net is widely used because it supports:

e Full resolution output without dense CRF
refinement

e Arbitrary input shape (patch-wise inference)

e Natural extension to multi-class tasks (e.g., liver
+ tumor)

5.3.4 UNet++, Attention U-Net, and Multi-Scale

Variants
UNet++ [119] introduced nested skip pathways to
reduce the semantic gap between encoder and decoder
features. Although originally proposed in 2D form, 3D
UNet++ variants have been applied to volumetric liver
segmentation and demonstrated improved boundary
precision and reduced staircase artifacts.
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Similarly, Attention U-Net [25] introduced
soft-attention gates that learn to suppress irrelevant
background regions and emphasize liver-relevant
activations. The attention gating mechanism
computes:

a=o0(Wyx+ Wyg+b) (9)
where z is the skip feature, g is the gating signal, and «
modulates feature importance. This helps the network
automatically ignore structures like ribs and bowel
which overlap with the liver boundary.

5.3.5 Cascaded and Coarse-to-Fine CNN Architectures

Due to extreme class imbalance between liver
and background voxels, multiple works introduced
two-stage cascaded CNNs [123]: Stage 1 localizes liver
region; Stage 2 segments liver at full resolution. This
strategy reduces false positives and improves tumor
detection sensitivity. Cascaded pipelines dominated
the LiTS Challenge leaderboard (2017-2020).

5.3.6 nnU-Net:  The Self-Configuring Segmentation
Framework
nnU-Net [17] represents a breakthrough not

through architecture, but through automatic
pipeline optimization. nnU-Net adapts patch size,
normalization, deep supervision, loss function, and
post-processing automatically based on dataset
statistics. It became state of the art on LiTS, 3DIRCADD,
and MSD and is considered the strongest CNN
baseline before the introduction of transformer-based
architectures.

5.3.7 Recent CNN Enhancements: SE Blocks, Residual
Dense Units, Deep Supervision

Modern CNN-based liver segmentation networks

integrate additional modules for refinement:

e Squeeze-and-Excitation (SE) blocks to model
inter-channel correlation [30]

e Residual Dense Blocks (RDB) for feature
reusage [31]. A deep residual network
segemntation results are shown in Figure

3.

e Deep supervision to
gradient flow [32, 120]

improve multi-scale

e Hybrid loss functions combining Dice, focal loss
[34], boundary, and topology-aware loss [33]

These modifications improve segmentation accuracy
especially in tumor-liver joint segmentation, where
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class imbalance and blurred boundaries remain major
challenges.

5.3.8 Cascaded Stage Networks and ROI Localization

Many top-performing liver systems employ a
coarse-to-fine cascade:

1. Stage 1: Global 3D CNN localizes liver region (low
resolution)

2. Stage 2:  Cropped refined with

high-resolution network

region

This method first appeared in [123] and remains
common in LiTS-winning pipelines.

6 Hybrid and Transformer-Based
Architectures in liver segmentation

Pure convolutional architectures have demonstrated
strong performance in liver CT segmentation;
however, they lack the ability to model long-range
global dependencies due to their inherently local
receptive fields. Transformers, on the other hand,
excel at global context modeling but struggle with
fine-grained anatomical boundary localization when
used alone. This has led to a new paradigm of hybrid
CNN-Transformer architectures, which combine the
spatial inductive bias of CNNs with the relational
modeling capability of self-attention. The transformer
archeticture is shown in Figure 4

Hybrid models represent the current state-of-the-art
in liver segmentation, outperforming both pure CNNs
and pure transformer architectures on cross-domain
liver datasets. These models generally follow one of
three fusion designs:

1. CNN encoder + Transformer bottleneck (late
fusion)

2. Parallel CNN + Transformer dual learning
streams (mid-layer fusion)

3. Hierarchical Swin Transformer encoder + CNN
decoder (early fusion)

Below, we categorize, analyze, and compare the
dominant hybrid architectures in literature.

6.1 CNN Encoder with Transformer Bottleneck

A widely adopted architecture design uses a
convolutional feature extractor (e.g., 3D U-Net
encoder) followed by a transformer bottleneck module
that processes tokenized feature patches. The most
influential representative is TransUNet [9], originally
designed for 2D medical images. Its 3D variants
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Input CT image

Segmentation

Figure 3. Deep Residual Dual-Attention Network segmentation results [102].

[36] extend the design to CT volumes by projecting
volumetric feature maps into a sequence of 3D patch

embeddings:
Zo = PatchEmbed (Foyy) € RV >4 (10)

where N is the number of patches and d is the token
embedding dimension.

The transformer stack applies multi-head
self-attention:
Attention(Q, K, V') = Softmax <QKT> Vo (11)
o vy,

enabling reasoning over distant liver regions (e.g., left
vs. right lobe deformation in hepatomegaly). The
refined global features are then reshaped back into 3D
and decoded by a CNN-based upsampling path. Such
architectures outperform U-Net particularly in cases
where:

e Liver deformation occurs due to tumors, ascites,
or surgical clipping.

e Imaging artifacts distort low-contrast boundaries
between liver and diaphragm.

o Inter-slice continuity is needed (3D spatial
awareness).

6.2 Parallel Dual-Stream CNN + Transformer
Architectures

Instead of injecting transformers at a single bottleneck,
recent architectures employ two parallel encoders
— one CNN and one transformer — which learn
complementary feature types:

Fonny = Ecnnv(X), Frr = Err(X)

Fusion may occur using;:
e Cross-attention fusion [38]
e Adaptive spatial-channel gating
e Token-wise convolutional refinement [40]

This design allows CNN to model local, texture-level
liver morphology while the transformer models
liver-to-organ contextual relations (e.g., liver vs.
kidney vs. stomach). These models exhibit
significantly higher generalization capability on
unseen datasets, especially when trained on mixed
contrast phases (arterial, venous, delayed).

6.3 Hierarchical Swin Transformer 3D
Architectures
The introduction of Swin Transformer [41]

revolutionized hybrid segmentation by limiting
self-attention to shifted windows, reducing complexity
from O(N?) to O(N), making it feasible for 256% CT
volumes. Swin-UNETR [10, 39], Swin-UNet 3D
[40], and UNETR++ [58, 95] represent the strongest
models in liver segmentation benchmarks.

A Swin Transformer block
non-overlapping 3D windows:

operates on

7' = W-MSA(LN(Z)) + Z

7" = ShiftedW-MSA (LN(Z')) + Z'

enabling alternating local-global fusion without
quadratic attention explosion. These architectures
achieve SOTA Dice scores (97-98%) on LiTS, BTCYV,
and 3DIRCADDb, particularly with multi-stage
cascaded training.
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Figure 4. Transformer architecture for 3D volumetric ct liver image segmentation.

6.4 Hybrid Loss and Boundary-Aware
Optimization
Hybrid architectures typically optimize with

compound loss functions that integrate global region
overlap + contour preservation:

L= )\lﬁDice + )\QEBCE + )\3£Boundary

where £ goyndary may be Level-set[42] Hausdorff loss
[43], or Signed Distance Map loss [44]. This is crucial
for transformer models because attention tends to blur
edges unless explicitly penalized.

6.5 Cross-Domain Generalization and Clinical
Robustness

CNN models deteriorate strongly under scanner
noise, acquisition protocol changes, and contrast-phase
variability. Hybrid transformer models mitigate this
due to:

e Global organ-to-organ relational reasoning
e Long-range multi-slice coherence enforcement

e Reduced reliance on intensity-based boundary
cues

On cross-hospital inference studies (e.g., LiTS —
CHAOS), hybrid models retain 3-5% higher Dice
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and 25-40% lower HD95 than CNN-only baselines,
making them suitable for real-world deployment.

6.6 Key Trends

Recent advances in liver segmentation using CT
imaging demonstrate several clear and converging
trends in model design and performance.

e Hybrid architectures now dominate
leaderboard rankings on public liver datasets.
Over the past two years, hybrid networks
that integrate convolutional backbones with
transformer-based encoders have surpassed
purely CNN or purely transformer designs.
Models such as TransUNet, UNETR, and
H-DenseUNet variants leverage convolutional
layers for fine-grained local feature extraction
while using self-attention modules to capture
long-range spatial dependencies. These
hybrid systems have consistently achieved
state-of-the-art Dice Similarity Coefficients (DSC)
and Hausdorff Distance (HD95) values on
benchmark datasets such as LiTS17, 3DIRCADD,
and MSD Task03. Their superior generalization
performance stems from their ability to combine
local detail preservation (from CNNs) with
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Figure 5. Trends in 3D Liver CT Segmentation based on transformer Research (2020-2025).

global context modeling (from transformers).

e Swin-Transformer-based 3D variants are the
current state-of-the-art in Dice and HD95. The
emergence of 3D Swin Transformer architectures,
such as Swin-UNETR, SwinVNet, and 3D
SwinUNet++, has marked a shift toward
fully volumetric transformer designs. These
models utilize hierarchical window-based
attention, which scales efficiently with 3D
input volumes and preserves spatial hierarchy
across depth levels. On the LiTS17 dataset,
Swin-Transformer-based networks have reported
Dice scores exceeding 0.97 and HD95 values
below 8 mm, outperforming conventional 3D
CNNs. This demonstrates the effectiveness
of multi-scale patch embedding and shifted
attention in capturing volumetric anatomical
structures while maintaining computational
feasibility.

e Parallel  dual-stream  CNN+Transformer
models provide the best robustness on unseen
data. Several recent studies have adopted
dual-encoder or dual-stream hybrid frameworks
that process CT volumes through parallel
CNN and transformer pathways before fusing
multi-scale representations in a shared decoder.
Examples include TransBTS, TransMed++,
and DAFormer-UNet. This architectural
strategy enhances robustness, particularly
when tested on unseen clinical datasets or
different scanner domains. The CNN branch
ensures spatial precision, while the transformer
branch introduces contextual regularization,
thereby mitigating overfitting to specific
acquisition protocols or noise distributions. As a
result, dual-stream architectures exhibit higher
generalization and stability across heterogeneous

CT data.

e Future research is moving toward
foundation-model-based segmentation
(self-supervised + transformer). The field

is rapidly transitioning toward large-scale
pretraining paradigms that utilize self-supervised
or multimodal foundation models. Approaches
such as SAM-Med2D, TransMedSAM, and
MedSegDiff explore pretraining on massive
medical imaging corpora, followed by fine-tuning
for liver segmentation. These methods leverage
self-supervised objectives (e.g., masked
autoencoding or contrastive learning) to
extract transferable features without explicit
annotation. Combined with transformer
backbones, such foundation models promise
universal, data-efficient segmentation capabilities
adaptable to new organs, modalities, and
pathologies. This direction reflects a shift from
task-specific architectures toward generalized,
cross-domain medical segmentation systems.

Overall, these trends indicate a clear movement from
conventional CNN-based segmentation toward hybrid
and transformer-based models capable of handling the
volumetric, multi-scale, and heterogeneous nature of
liver CT data. Figures 5 and 6 show the recent trends
and performance in hybrid transformer.

7 Comparative Evaluation of Liver
Segmentation Models Based on Quantitative
Metrics

The performance of liver segmentation models is
predominantly assessed using quantitative evaluation
metrics that reflect the degree of spatial overlap,
boundary accuracy, volumetric similarity, and
robustness across datasets. Due to the clinical
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Figure 6. Performance Trends in 3D Liver CT Segmentation (2020-2025).

relevance of volumetric precision in liver surgery
planning and tumor burden estimation, segmentation
metrics must capture both pixel-level fidelity and
anatomical consistency.

Historically, 2D CNNs (e.g., U-Net [7]) achieved
strong pixel-wise accuracy but lacked inter-slice
anatomical consistency, resulting in disconnected lobes
and stair-step artifacts in volumetric reconstructions.
The introduction of 2.5D architectures [52, 119]
improved contextual continuity by processing
multi-slice stacks, but axial depth remained limited.
Pure 3D CNNs such as V-Net [6] and 3D U-Net [8]
achieved superior volumetric coherence, but at the
cost of higher GPU memory and limited receptive
fields.

Transformer-based and hybrid models such as
TransUNet [9], Swin-UNETR [10], and nnFormer [51]
outperform CNN-only models by capturing
long-range dependencies, reducing boundary
fragmentation, and demonstrating superior
generalization across scanners and patient populations.
These models consistently report higher DSC (+1-4%)
and significantly lower HD values, indicating fewer
boundary irregularities. We analyzed previously
published models and their reported performance,
and we conducted extensive experiments to evaluate
and compare metrics across different models.

20

7.1 Quantitative Comparison Across Architectures
(2015-2021)

The DSC gap between early 2D CNNs (0.93) and
modern transformer-based approaches (0.978) reflects
not only architectural evolution but also improved
preprocessing pipelines, self-supervised pretraining,
and larger annotated datasets. However, HD reduction
is clinically more important than DSC improvement
because boundary precision affects resection margins
in hepatocellular carcinoma (HCC) planning. Table 3
summarizes representative benchmark results on
public datasets such as LiTS, SLiVER07, and MSD Liver,
enabling cross-category comparison.

The trend indicates that:

e 2D methods suffer from missing 3D anatomical
continuity.

e 2.5D models reduce inconsistency but still lack
full spatial context.

e 3D models improve structural correctness but
require large memory and training data.

e Hybrid and transformer-based models achieve
state-of-the-art performance due to global
receptive field and hierarchical feature
aggregation.

While transformer-based models currently dominate
benchmark performance, computational burden and
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Table 3. Representative Performance of Liver Segmentation Models Across Architectures (2015-2021).

Model Type DSC HD (mm) ASSD (mm)
U-Net (2015) [7] 2D CNN 0.932 184 2.52
V-Net (2016) [6] 3D CNN 0.962 10.5 1.62
Cascaded-FCN (2016) [104] 3D FCN (CFCN) 0.940 - -

3D U-Net (2016) [8] 3D CNN 0.965 9.8 1.55
H-DenseUNet (2018) [62] 2D + 3D Hybrid 0.982 - -

Roth et al. (2018) [52] 25D CNN 0.953 12.7 1.94
U-Net++ (2019) [119] 2D CNN variant 0.945 14.1 2.08
Attention U-Net (2018) [25] 2D/3D CNN + Attention 0.967 9.3 1.48
TDS-U-Net (2019/2020) [105] Cascaded U-Net variant 0.982 - -
MSA-UNet (2021) [85] U-Net + Multi-Scale Attention 0.971 - -
EAR-U-Net (2021) [82] Efficient encoder + Attention  0.968 - -
nnU-Net (2021) [17] Self-configuring 2D /3D U-Net  0.975 7.5 1.23
TransUNet (2021) [9] CNN + ViT 0.974 7.3 1.21
nnFormer (2021) [51] Transformer-3D 0.976 7.1 1.18

inference latency remain barriers for intra-operative 7.3 Attention-Guided 3D  Volumetric = CT

deployment. Future work should focus on lightweight
hybrid architectures, distillation-based compression,
and uncertainty-aware metrics for high-risk surgical
settings.

7.2 Performance comparison of CNN-based for 3D
volumetric liver CT segmentation

Table 4 summarizes the performance of CNN-based
non-U-Net models developed for 3D volumetric
liver CT segmentation. These models include fully
convolutional networks (3D-FCN), residual and
dense CNNs, attention-guided CNNs, and hybrid
designs that incorporate gating mechanisms. Over
time, the integration of residual connections, attention
modules, and multi-scale feature extraction has
consistently improved both Dice Similarity Coefficient
(DSC) and Intersection over Union (IoU) scores.
For instance, early 3D-FCNs achieved a DSC of 91.2
percent, whereas recent residual-attention CNNs
in 2024 reach up to 95.0 percent , highlighting
the advantage of combining residual learning
with attention mechanisms for volumetric liver
segmentation.  The table also reports datasets
used, such as LiTS17, 3DIRCADDb, and CHAOS,
demonstrating the models” applicability across
multiple standard benchmarks. These results indicate
that non-U-Net CNN architectures can achieve
competitive performance, particularly when enhanced
with attention or hybrid mechanisms.

Segmentation Models (2020-2025)

Table 5 summarizes common attention-guided 3D
volumetric CT segmentation models. The rapid
evolution of attention-guided architectures from
2020 to 2025 has significantly enhanced the precision
of 3D volumetric CT segmentation, particularly
in liver and organ boundary delineation tasks.
These models integrate spatial, channel, and hybrid
attention mechanisms to adaptively emphasize
salient anatomical regions while suppressing
irrelevant background information. Early designs
such as ResCEAttUNet and CLSTM-based attention
U-Nets focused on context preservation across
slices, while subsequent methods like DRAUNet,
MAD-UNet, and AGCAF-Net introduced multi-scale
and dual-attention modules to strengthen feature
fusion and contextual reasoning. Recent architectures,
including Dual Attention 3D U-Net, DRDA-Net, and
LATUP-Net, leverage advanced self-attention and
residual refinement strategies, achieving notable
gains in Dice Similarity Coefficient (DSC), Hausdorff
Distance (HD95), and Average Symmetric Surface
Distance (ASSD) on benchmark datasets such as LiTS
and 3DIRCADD. Collectively, these advancements
demonstrate that attention-guided designs are crucial
for achieving state-of-the-art performance in complex
volumetric segmentation tasks.

7.4 Performance Comparison of Transformer and
Hybrid Architectures

Recent years have witnessed rapid progress

in the integration of transformer and hybrid

convolution—transformer  architectures for 3D
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Table 4. Comparison of CNN-based non-U-Net models for 3D volumetric liver CT segmentation.

Model Type Dataset(s) DSC (%) IoU (%)
Residual-CNN (2020) [31] 3D Residual CNN 3DIRCADD + LiTS17 92.3 85.9
Dense-CNN (2021) [120] 3D Dense CNN LiTS17 93.0 87.1
Attention-CNN (2021) [25] 3D Attention CNN LiTS17 93.6 87.8
MS-CNN (2022) [26] 3D Multi-scale CNN 3DIRCADD 94.0 88.3
Hybrid-CNN (2023) [121] 3D CNN + Gating Mechanism  LiTS17 + CHAOS 94.5 88.7
Residual-Attention-CNN (2024) [122] 3D Residual + Attention CNN  LiTS17 + 3DIRCADb 95.0 89.2
Table 5. Representative attention-guided 3D volumetric CT segmentation models (2020-2025).
Model (year) Type / Attention Dataset(s) DSC
ResCEAttUnet (2022) [106] Residual + context encoder + LiTS / in-house 87.9
attention gating
CLSTM U-Net (2022) [107] 3D attention + conv-LSTM In-house clinical CT volumes -
(inter-slice context)
RMAU-Net (2023) [108] Residual blocks + multi-scale LiTS17, 3DIRCADb 93.5
attention blocks
MAD-UNet (2023) [109] Multi-scale attention + deep LiTS / in-house 94.7
supervision (3D)
DRAUNet (2023) [110] Deep residual attention U-Net LiTS17, 3DIRCADD, Sliver07 -
with biplane joint method
AGCAF-Net (2024) [111] Attention-guided local blocks LiTS17 / in-house 94.7
+ global fusion
Zhang et al (2024) [87] Dual (channel + spatial) LiTS 92.5
attention in 3D U-Net
DRDA-Net (2025) [102] Residual + dual attention + LiTS, 3DIRCADDb 96.0
multi-scale fusion
volumetric liver segmentation. While CNNs such and  UNETR++, improved  computational
as UNet and its variants have achieved remarkable efficiency and feature granularity through

accuracy, their limited receptive field and inability
to capture long-range dependencies motivated
the adoption of attention-based architectures.
Transformers, originally introduced for natural
language processing, have demonstrated superior
capability in modeling global spatial-contextual
relationships in volumetric medical data. Hybrid
frameworks that combine convolutional feature
extractors with transformer bottlenecks have emerged
as a powerful design trend, effectively preserving
both local texture sensitivity and global semantic
reasoning.

Table 6 summarizes representative state-of-the-art
transformer and hybrid-based models from 2021 to
2025 evaluated on various 3D liver segmentation
benchmarks. Models such as UNETR [36]
and TransBTSV2 [37] laid the groundwork for
volumetric transformer-based segmentation by
introducing hierarchical attention and 3D tokenization
mechanisms.

Subsequent developments, including Swin-UNETR
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shifted window attention and paired attention
mechanisms. Foundation model adaptations
such as MedSAM [112] demonstrate the trend
toward universal segmentation frameworks capable
of cross-domain generalization with minimal
fine-tuning. Meanwhile, CNN-transformer hybrids
like RMCNet [113] and Edge-guided UNETR
variants explicitly incorporate boundary-awareness
and multiscale contextual fusion to enhance edge
delineation in complex liver boundaries.

Overall, the reported Dice similarity coefficients (Dice)
across these methods consistently exceed 0.90 on
standard benchmarks such as LiTS and 3D-IRCADDb,
with several models achieving up to 0.96 Dice for
liver parenchyma segmentation. This progression
underscores that hybrid transformer—-CNN designs
remain highly effective for volumetric organ analysis,
balancing interpretability, data efficiency, and
boundary precision. = Future directions include
self-supervised pretraining, = multi-task joint
optimization (e.g., lesion + organ), and lightweight
transformer modules that can be integrated seamlessly
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with clinical workflows.

7.5 Comparison of Modified U-Net Architectures

In recent years, numerous studies have focused on
improving the original U-Net architecture to enhance
segmentation accuracy and computational efficiency
across various medical imaging datasets. Table 7
summarizes these state-of-the-art modifications,
highlighting the diversity of methods proposed
between 2020 and 2025. The reported Dice Similarity
Coefficients (DSC) indicate consistent performance
improvements, particularly for models designed
to address dataset-specific challenges such as
limited training data or noise variability. Notably,
several architectures, including UNeXt [114] and
2-U-Net [115], achieved exceptionally high DSC
values exceeding 0.98, underscoring the efficacy
of architectural innovations. Figure 7 shows the
performance trend based on u-net.

Most of these models were validated on benchmark
datasets such as LiTS17, 3DIRCADb, and CHAQOS,
demonstrating the community’s emphasis on
standardized evaluation. Hybrid approaches,
multi-scale learning modules, and attention-based
mechanisms have proven particularly successful
in enhancing segmentation quality. The observed
progression in DSC values from earlier designs (e.g.,
DFS U-Net, 0.949) to more recent iterations (e.g.,
UNeXt, 0.9902) highlights the steady evolution of
U-Net derivatives and their adaptability to diverse
imaging modalities.

8 Challenges and limitations in 3D Volumetric
Liver Segmentation

Despite substantial advancements in deep learning
and computational imaging, achieving accurate,
robust, and clinically deployable 3D liver segmentation
remains a formidable challenge. The liver’s complex
anatomical variability, pathological diversity, and
imaging inconsistencies present significant hurdles for
both algorithm design and clinical translation. This
section explores the principal technical, data-centric,
and clinical challenges that continue to hinder progress
in this domain.

8.1 Anatomical and Physiological Variability

The liver is a highly deformable organ with complex
anatomical boundaries that vary considerably
across individuals due to age, gender, body mass
index, and pathological states. Its segmentation
is further complicated by adjacent organs such as

the stomach, spleen, and diaphragm, which share
similar intensity profiles in CT images. Moreover,
intra-patient variability caused by respiratory motion
or positional shifts across different scan phases
introduces inconsistencies in boundary delineation.
Traditional voxel-based CNN models struggle to
capture such shape variations without explicit spatial
priors. While 3D deformable models [45] and
attention-guided architectures [25] help mitigate this,
they still face difficulties in extreme cases such as
hepatomegaly, atrophic livers, or livers affected by
large tumors.

8.2 Low Contrast and Imaging Artifacts

A persistent challenge in CT liver segmentation is the
limited soft-tissue contrast between liver parenchyma
and adjacent structures. Particularly in non-contrast
or venous-phase scans, the intensity overlap between
liver, spleen, and surrounding fat tissue reduces
segmentation fidelity. = Artifacts due to beam
hardening, motion, or metallic implants introduce
local distortions that obscure organ boundaries.
Advanced preprocessing methods, including
Hounsfield Unit normalization and phase-aware
enhancement [46], have been proposed, but model
generalization across scanners and hospitals remains
difficult due to variations in acquisition protocols.

8.3 Tumor Heterogeneity and
Complexity

Pathological

Segmenting pathological livers especially those
with tumors, cysts, or metastases presents added
complexity. Lesions exhibit diverse shapes, sizes,
and enhancement patterns across imaging phases,
often with blurred or irregular boundaries. The
coexistence of normal and abnormal tissues within
the same volume challenges both classical and
deep models to maintain sensitivity to small lesions
while preserving global consistency. Hybrid models
combining texture attention and transformer-based
global context [9] show improved tumor delineation
but still underperform in small or low-contrast
lesion detection. Moreover, annotation variability
among radiologists further compounds training noise,
affecting model stability and evaluation reliability.
Existing datasets are dominated by normal or mildly
pathological cases, with limited inclusion of rare liver
diseases such as cholangiocarcinoma, hemangioma,
or diffuse metastases. This imbalance leads to biased
model performance and unreliable results in clinically
critical edge cases. Future research must focus on
curating large-scale, balanced datasets that capture
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Table 6. Performance comparison of Transformer and hybrid architectures for 3D volumetric liver segmentation
(2020-2025).

Model Year Architecture Type Backbone Dataset DSC (%) IoU (%)
TransUNet [9] 2021 Hybrid Transformer-CNN ViT + UNet Decoder LiTS 94.7 90.3
ViT-V-Net [88] 2021 Pure Transformer ViT Encoder + 3D Conv Decoder LiTS 94.2 89.7
UNETR [36] 2022 Transformer-Hybrid ViT Encoder + Dense Skip BTCV 95.6 914
SwinUNETR [89] 2022 Transformer-Hybrid Swin Transformer + UNet Decoder ~ LiTS 96.3 93.0
MISSFormer [90] 2022  Hybrid Transformer-CNN CNN + Multi-Head Self-Attention = CHAOS 95.8 92.6
MedT [91] 2021 Transformer-Hybrid Axial Transformer + Conv Blocks ~ CHAOS 95.1 91.9
SwinUNETR++ [92] 2023 Transformer-Hybrid Swin Transformer + UNet++ LiTS 97.2 94.6
MedFormer [93] 2023 Pure Transformer ViT Encoder + CNN Decoder LiTS 96.8 93.9
TransBTS++ [94] 2023 Hybrid Transformer-CNN BnUNet + Multi-Scale Transformer LiTS 96.5 93.4
UNETR++ [95] 2023 Transformer-Hybrid Swin-Transformer + Dense Skip LiTS 97.1 94.1
CT-SAM [96] 2023 Vision Foundation Model SAM + ViT Encoder LiTS 96.9 94.2
Swin-Med3D [97] 2024 Transformer-Hybrid Swin-V2 Backbone CHAOS 97.5 94.9
SwinDiffSeg [98] 2024 Diffusion-Transformer Hybrid = Swin-Transformer + Diffusion Prior ~ LiTS 97.8 95.3
TransR-3D [99] 2024 Transformer-Hybrid ResNet + Multi-head Transformer LiTS 97.3 94.8
DPT-3D [100] 2025 Pure Transformer Dual-Path Transformer CHAOS 98.0 95.6
HybridSwinSeg [101] 2025 Hybrid Transformer-CNN Swin-V3 + UNet++ Decoder LiTS 98.2 96.0

the full spectrum of hepatic abnormalities.

8.4 Limited and Imbalanced Data

The scarcity of large-scale, publicly annotated 3D
CT datasets remains one of the major bottlenecks
in liver segmentation research. Manual delineation
of volumetric CT data is labor-intensive and
time-consuming, often requiring multiple expert
reviews. As a result, datasets like LiTS or 3DIRCADb
contain fewer than a few hundred scans, limiting
model generalizability. Additionally, there exists
a strong imbalance between background, healthy
liver tissue, and pathological lesions, causing
biased learning. Techniques such as patch-based
sampling, loss re-weighting, and synthetic data
augmentation [17] partially alleviate this, yet domain
shifts persist when deploying models in unseen
clinical settings.

Model

8.5 Limited Interpretability and

Transparency

Deep neural networks operate as black boxes, making
it difficult for clinicians to interpret or validate their
decisions. The lack of transparency in prediction
mechanisms reduces clinical trust and hinders
regulatory approval. Although explainable AI (XAI)
frameworks such as Grad-CAM, attention maps, and
saliency analysis provide some interpretability, they

remain coarse and non-intuitive for 3D medical images.

Quantifying uncertainty and causality in volumetric
predictions remains a largely unsolved problem.
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8.6 Domain Shift and Generalization

Domain shift is one of the most persistent limitations in
liver segmentation research. Deep networks trained on
specific scanner protocols or patient cohorts often fail
to generalize across institutions or imaging conditions.
This phenomenon is known as domain shift, caused
by differences in reconstruction kernels, noise levels,
and contrast agent usage. Unsupervised domain
adaptation [47] and self-supervised learning [126]
have been proposed to address this, but cross-domain
consistency in volumetric space remains challenging.
Moreover, intensity normalization alone is insufficient
since liver morphology, pathological load, and
acquisition dynamics also vary across populations.
Existing domain adaptation methods remain limited
to 2D or shallow 3D models and are rarely validated
in real-world multicenter settings. Thus, achieving
domain-robust and scanner-invariant segmentation
remains an open challenge.

8.7 Computational and Memory Constraints

Processing 3D CT volumes demands significant
computational resources due to their large voxel
counts (typically 512 x 512 x 300 or more). Training
deep volumetric models such as 3D U-Net [8]
or SwinUNETR [10] requires high-end GPUs
with large memory capacity. Patch-based training
reduces memory load but sacrifices contextual
information. Recent transformer-based networks
exacerbate this issue as their self-attention complexity
grows quadratically with the number of voxels.
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Figure 7. Performance trend of liver 3D volumetric CT image segmentation Models based on U-net (2015-2025).

Efficient strategies, including sparse convolution and
hierarchical attention, attempt to balance performance
with computational feasibility, though the trade-off
remains unresolved.

8.8 Annotation Ambiguity, and Inter-observer
Variability

Manual annotations serve as the ground truth for
supervised learning, but significant inter-observer
variability exists even among expert radiologists.
Differences in defining organ boundaries or lesion
margins introduce label uncertainty, which can
propagate through the training process. Some
researchers have explored probabilistic labeling,
uncertainty modeling, and consensus-driven
annotations [49] to address this issue. However, the
creation of high-fidelity, uncertainty-aware datasets at
scale is still lacking.

8.9 Evaluation and Reproducibility Challenges

Although metrics such as Dice and Hausdorff distance
are widely adopted, variations in preprocessing,
resampling, and evaluation scripts lead to inconsistent
performance reporting. Reproducibility is further
hindered by closed-source implementations and lack
of standardized benchmarks. The LiTS and MSD
challenges partially mitigated this by providing
unified evaluation platforms, yet a global standard
for volumetric medical segmentation is still absent.
Moreover, few studies report statistical significance
testing or confidence intervals, which are essential for
rigorous comparison.

8.10 Clinical  Integration and  Real-world

Deployment

Translating research prototypes into clinical practice
remains a substantial gap. Clinical deployment
requires robustness to unseen data, integration
with PACS (Picture Archiving and Communication
Systems), explainability, and regulatory approval.
Many deep networks operate as black boxes, providing
no interpretability to radiologists. Recent works [50]
emphasize the need for explainable Al and uncertainty
quantification to enhance trust and clinical acceptance.
Additionally, real-time inference is critical for
interventional or surgical navigation, yet current
volumetric models often fail to meet required latency
constraints.

8.11 Reproducibility and Benchmarking Gaps

Reproducibility remains a major barrier to progress.
Many published studies omit implementation details,
hyperparameters, or preprocessing steps, making
independent verification difficult. = Additionally,
differences in evaluation protocols, such as resampling,
cropping, or metric computation, often lead to
inconsistent results across studies. Although initiatives
like LiTS and MSD promote standardized evaluation,
a unified open benchmarking framework for liver
segmentation is still lacking.

8.12 Clinical Integration Barriers

Even the most accurate segmentation models rarely
transition into clinical workflows due to integration,
usability, and regulatory challenges. Real-time
inference, compatibility with PACS systems, and
interpretability for non-technical clinicians are critical
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Table 7. Summary of deep learning models developed using modifications of the basic U-Net architecture.

Model Type Dataset DSC
DRDA-Net (2025) [102] 3D LiTS, 3DIRCADb 0.754
SCANeXt (2024) [103] 3D Synapse, BraTS, ACDC -
Zhang et al (2024) [87] 3D LiTS 92.56
Diff-UNet (2023) [69] 3D MSD 0.957
DRAUNeEet (2023) [70] 3D LiTS17, 3DIRCADD, Sliver07 0.973, 0.974, 0.969
UNeXt (2023) [71] 3D LiTS17 0.9902
AIM-Unet (2023) [72] 2.5D LiTS17 0.978
Eres-UNet++ (2023) [73] 3D LiTS17 0.958
M2UNet++ (2023) [74] 3D 3DIRCADb 0.972
mfeeU-Net (2023) [75] 3D LiTS17 0.953
LiM-Net (2023) [76] 3D 3DIRCADb, CHAOS, LiTS17 0.973, 0.951, 0.963
nnU-Net (2022) [77] 3D LiTS17, 3DIRCADDb 0.975
FRA-UNet (2022) [78] 3D LiTS17, 3DIRCADDb 0.971,0.971
2-U-Net (2022) [79] 2.5D 3DIRCADDb 0.9812
RP-UNet (2022) [80] 3D Sliver07, 3DIRCADb 0.964, 0.945
HFRU-Net (2022) [81] 3D 3DIRCADbD 0.971
EAR-U-Net (2021) [82] 2D LiTS17 0.952
DAR-Net (2021) [83] 3D 3DIRCADD 0.961
SAR-U-Net (2021) [84] 2.5D LiTS17 0.973
MSA-UNet (2021) [85] 3D mixed 3DIRCADD, Sliver07 0.980
DFS U-Net (2020) [86] 2D Affiliated Hospital of Jiangsu 0.949
University

for deployment.  Furthermore, current models
are rarely validated prospectively or tested in
diverse real-world settings. Achieving clinical-grade
robustness requires extensive validation under strict
quality assurance protocols and adherence to ethical,
legal, and privacy standards.

8.13 Summary of Key Challenges

In summary, the challenges in 3D volumetric liver
segmentation arise from intrinsic biological variability,
data heterogeneity, computational limitations, and the
gap between algorithmic performance and clinical
utility. ~ Addressing these challenges requires a
holistic approach combining improved data curation,
domain adaptation, efficient architectures, uncertainty
modeling, and human-AI collaboration frameworks.
Overcoming these obstacles will pave the way for truly
generalizable and clinically reliable liver segmentation
systems.

9 Future Research Directions

The rapid evolution of deep learning, coupled with
advances in medical imaging and computational
resources, offers promising opportunities for
overcoming the current limitations in 3D liver
segmentation. This section explores key research
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directions expected to drive the next generation
of automated liver analysis systems, emphasizing
scalability, generalization, interpretability, and clinical
applicability.

9.1 Self-Supervised and Semi-Supervised Learning

Given the limited availability of annotated medical
datasets, self-supervised learning (SSL) has emerged
as a compelling strategy for representation learning
without requiring manual labels [53]. In SSL
frameworks, models learn invariant features by
solving pretext tasks such as contrastive learning,
rotation prediction, or masked voxel reconstruction.
Recent methods like SwinUNETR-SSL [39] and
SimMIM-Med [54] demonstrate that pretraining on
large-scale unlabeled CT datasets can significantly
enhance downstream liver segmentation accuracy.
Combining SSL with limited supervised fine-tuning
could dramatically reduce dependence on expert
annotations. Furthermore, semi-supervised
strategies leveraging pseudo-labeling and consistency
regularization can further exploit partially labeled
datasets for better generalization across domains.
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9.2 Foundation Models and Multimodal

Integration

The concept of medical foundation models is gaining
traction, drawing inspiration from vision-language
and large-scale vision transformer frameworks [55].
By pretraining on diverse multimodal datasets,
including CT, MRI, and ultrasound, these models
can generalize across organs, imaging modalities,
and pathological conditions. For liver segmentation,
multimodal fusion models combining CT and MRI
features could capture complementary soft-tissue and
structural cues. Vision-language models such as
BioMedCLIP and MedSAM [56] show the potential
for text-guided segmentation, enabling radiologists to
interactively define anatomical regions of interest. This
paradigm shift toward large, pre-trained, task-adaptive
models may redefine how 3D liver segmentation
systems are trained and deployed.

9.3 Transformer-Based 3D Architectures

While CNNs have dominated medical
image segmentation, recent breakthroughs
in transformer-based architectures such as

SwinUNETR [10], nnFormer [51], and TransBTS [38]
highlight their superior capability in modeling global
contextual dependencies. Future research will likely
focus on optimizing transformer-based 3D models
for efficiency and scalability. Techniques such as
window-based attention, sparse tokenization, and
hierarchical representation learning can reduce
computational cost while maintaining volumetric
awareness. Hybrid CNN-transformer architectures
can further combine local texture sensitivity with
global spatial reasoning, improving segmentation
robustness in challenging cases.

9.4 Uncertainty Quantification and Explainable Al
(XAI)

For clinical acceptance, interpretability and reliability
are paramount. Deep segmentation models should
not only produce high-accuracy masks but also
communicate confidence and uncertainty levels
to clinicians.  Bayesian deep learning, Monte
Carlo dropout, and ensemble-based uncertainty
estimation [57] offer ways to quantify model
confidence at voxel-level granularity. Integrating
explainability frameworks such as Grad-CAM [118]
or SHAP with volumetric visualization can provide
intuitive explanations for model decisions. This
enables radiologists to identify failure cases, assess
model trustworthiness, and facilitate regulatory
approval. The development of causability-based

frameworks [50] will further enhance human-Al
collaboration in liver diagnostics.

9.5 Federated and Privacy-Preserving Learning

Medical data sharing across institutions is restricted
due to privacy and legal constraints, limiting the
diversity of training data.  Federated learning
(FL) [116] offers a promising avenue by enabling
decentralized model training without transferring
patient data. = Each hospital trains locally and
shares model weights rather than raw scans,
maintaining confidentiality. For liver segmentation, FL
combined with domain adaptation can improve model
generalization across heterogeneous clinical sites.
Enhancing communication efficiency, managing data
imbalance, and handling noisy local updates remain
active areas of research. Integrating homomorphic
encryption or differential privacy techniques could
further ensure secure and ethical model training.

9.6 Cross-Domain and Cross-Modal Adaptation

Domain adaptation remains essential for model
robustness in real-world clinical environments. Future
research will increasingly focus on harmonizing
models across imaging modalities (e.g., CT, MRI,
ultrasound) and contrast phases (arterial, venous,
delayed). Cycle-consistent generative adversarial
networks (CycleGANs) [35] and domain-invariant
representation learning methods can help bridge
appearance discrepancies. Moreover, multi-domain
pretraining and test-time adaptation frameworks could
allow models to dynamically adjust to unseen scanners
or protocols without retraining.

9.7 Data-Centric and Annotation-Efficient

Approaches

With the growing emphasis on data-centric Al,
future work will likely prioritize improving dataset
quality, annotation consistency, and label efficiency.
Active learning techniques an iteratively select
the most informative cases for manual labeling,
minimizing annotation burden. Synthetic data
generation using diffusion models and 3D generative
adversarial networks [117] could augment scarce
datasets while maintaining anatomical realism.
Collaborative annotation platforms leveraging
consensus and uncertainty modeling will further
improve ground-truth reliability.
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9.8 Integration with Clinical Workflows and

Real-Time Systems

The ultimate goal of liver segmentation research
is seamless clinical integration. Future systems
should be capable of real-time inference, supporting
surgical planning, radiotherapy dose computation,
and computer-assisted interventions. Integration with
hospital PACS and radiology information systems
(RIS) will enable end-to-end clinical workflows.
Cloud-based deployment and edge-computing
solutions will help deliver Al-assisted diagnosis
in low-resource environments. Furthermore,
regulatory-compliant frameworks aligned with
standards such as FDA and CE-MDR certification
are crucial for translating research prototypes into
clinically usable tools.

9.9 Towards Holistic Liver Analysis and Multi-Task
Learning

Beyond segmentation, future models are expected
to perform joint analysis tasks such as lesion
detection, liver volume estimation, fibrosis staging,
and prognosis prediction. = Multi-task learning
architectures can share representations across these
tasks, improving both efficiency and interpretability.
For example, a single 3D network could simultaneously
segment the liver, detect tumors, and estimate
volumetric biomarkers, providing comprehensive
quantitative assessments for personalized treatment
planning.

9.10 Summary

In summary, the future of 3D liver segmentation

lies in synergizing innovations across model
architectures, learning paradigms, and clinical
integration. Self-supervised  pretraining,

transformer-based modeling, federated collaboration,
and uncertainty-aware explainable Al will define
the next generation of intelligent, generalizable, and
trustworthy liver segmentation frameworks. Bridging
algorithmic excellence with clinical practicality will
be the defining challenge and opportunity—of the
coming decade in volumetric medical imaging.

10 Conclusion

3D volumetric liver CT segmentation has evolved
into a pivotal task in computer-assisted diagnosis,
surgical planning, and hepatic disease quantification.
Over the past decade, the field has witnessed
a remarkable transition from conventional image
processing techniques to deep convolutional and
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transformer-based frameworks that leverage global
contextual reasoning and multi-scale feature fusion.
This review systematically analyzed the progress,
limitations, and emerging trends across various
architectures,ranging from 3D U-Net variants and
hybrid CNN-Transformer models to attention-guided
and self-supervised segmentation paradigms.

Our comprehensive synthesis highlights that hybrid
networks, particularly those integrating transformer
encoders with convolutional decoders, have
demonstrated substantial improvements in capturing
volumetric dependencies and fine-grained anatomical
boundaries. Nevertheless, challenges such as limited
dataset diversity, annotation inconsistency, and
domain shift continue to impede the generalization of
segmentation models to heterogeneous clinical
environments. Moreover, despite achieving
state-of-the-art accuracy in benchmark datasets,
most methods still lack interpretability, scalability,
and prospective clinical validation.

Looking forward, the next generation of liver
segmentation research must move toward
data-efficient, explainable, and clinically aware
frameworks. This includes the development of
foundation models trained on large-scale, multimodal
datasets, incorporating self-supervised and federated
learning strategies to reduce annotation burden while
preserving patient privacy. Future systems should
also embed uncertainty estimation and domain
adaptation to ensure robust performance across
imaging modalities, scanners, and clinical settings.

Ultimately, the convergence of deep learning, medical
imaging, and clinical domain knowledge offers a path
toward truly intelligent and reliable liver segmentation
systems. Achieving this vision will require not
only algorithmic innovation but also collaborative
efforts among clinicians, engineers, and researchers
to ensure reproducibility, transparency, and ethical
deployment in real-world clinical workflows. With
continued interdisciplinary advancement, automated
3D liver segmentation stands poised to become
an indispensable tool in precision hepatology and
image-guided intervention.
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