International Journal of

INTELLIGENT SYSTEMS AND APPLICATIONS IN
ENGINEERING

www.ijisae.org

1JISAE

ISSN:2147-6799 Original Research Paper

A Survey on Liver Lesion Detection Using CT Images- Current
Techniques and Future Perspectives

Trupti. M. Kodinariya?!, Dr. Nikhil Gondaliya?, Nirali N. Madhak?®
Submitted: 12/05/2024 Revised: 26/06/2024  Accepted: 05/07/2024

Abstract Liver disease represents a significant global public health issue, with early detection playing a crucial role in the effective
treatment and management of the condition. The utilization of Computed Tomography (CT) imaging has become increasingly important
in liver detection, providing high-resolution images that facilitate precise diagnosis. Clinicians commonly seek information regarding the
liver's shape for treatment planning in order to minimize harm to surrounding healthy tissues and hepatic vessels, underscoring the
importance of developing a geometric model of the liver. Various methods for liver image segmentation have been developed over time.
This article presents a thorough examination of Traditional segmentation techniques such as thresholding, region-based growing
algorithm, Contour-based algorithm, as well as Machine Learning (ML) and Deep Learning (DL) methods for Segmentation utilizing CT
images, shedding light on the different techniques, algorithms, and challenges associated with this domain. We explore diverse
approaches to liver segmentation, assess the efficacy of different methods using established metrics, and conclude by outlining potential

avenues for future research.

Keywords: Computer aided diagnosis (CAD) system, Computed tomography,

segmentation, , Machine Learning, Region Based Segmentation.
1. Introduction

The liver is one of the most vital organs in the human
body, playing a crucial role in metabolism, detoxification,
and protein synthesis. When normal cells start multiplying
excessively, it leads to the formation of a mass known as a
tumor. Liver tumors can be either non-cancerous (benign)
or cancerous (malignant). Benign tumors do not spread to
surrounding tissues or other parts of the body, while
malignant tumors are cancerous and have the ability to
grow and spread throughout the body. Various types of
tumors can develop in the liver. These tumors can have
different visual features, and these features may change
when a contrast agent is introduced [1].

Liver cancer is the 6th most common type of cancer, but
the 3rd leading cause of cancer-related deaths globally in
2020 [2]. Similar to other forms of cancer, early detection
and prompt treatment are crucial for liver cancer.
Screening for liver cancer typically involves the use of
ultrasound and non-contrast computed tomography (CT)
scans, while diagnosis often relies on multi-phase contrast-
enhanced CT scans. According to the Liver Imaging
Reporting and Data System (LI-RADS) [3] guidelines,
contrast-enhanced CT or MRI scans can effectively
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identify liver lesions in most cases. Traditional manual
delineation of the liver by radiologists is time-consuming
and subject to inter- and intra-observer variability,
necessitating the development of automated liver detection
systems. Automated computer-aided diagnosis (CAD)
systems offer a promising solution to address these
limitations.

Detecting and classifying liver lesions in CT images is a
challenging task. The liver is a large and complex organ,
with significant variations in the morphology of both the
liver itself and any lesions present. Factors such as
location, size, shape, intensity, and texture can all
contribute to the difficulty in accurately identifying and
localizing lesions. The intricate network of blood vessels
and ducts within the liver, as well as the surrounding
organs, further complicates the process. Additionally,
changes in liver texture due to conditions like fat
accumulation and fibrosis can create ambiguity in lesion
detection. Finally, there are many different types of
malignant and benign liver lesions, and some of these can
appear quite similar in CT scans, making them hard to
distinguish.

Another challenge is the lack of suitable datasets.
Specifically, there are no large-scale, high-quality datasets
of liver CT scans that are publicly available to learn or
extract comprehensive patterns. These datasets would need
to cover various liver conditions and include labels for
major tumor types, among other details. According to
medical guidelines, radiologists require multi-phase
contrast-enhanced liver CT images to determine tumor
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types, and in some cases, pathology reports are necessary.
The ideal dataset would have comprehensive, voxel-level
annotations of related organs, vessels, and liver lesions, as
well as clinically-confirmed lesion types for all lesions,
which are difficult to obtain. Most existing studies rely on
their own in-house datasets with limited labels, such as
only bounding box annotations of lesions and/or without
labels for lesion types. Additionally, creating a high-
quality liver lesion dataset involves sensitive, diagnosis-
related privacy information and clinical practices, making
it challenging to make such datasets publicly available.

2. Conventional Methods for Liver Segmentation

Early approaches to liver detection relied heavily on
traditional image processing techniques. These methods
typically involve a series of preprocessing steps such as
noise reduction, contrast enhancement, and edge detection,
followed by thresholding, region-based or contour-based
segmentation.

A. Thresholding Approach

Thresholding is one of the simplest methods where pixel
intensity values are segmented based on a global or local
threshold. However, due to the similar intensity values
between the liver and its surrounding organs, thresholding
alone often failed to provide accurate segmentation.
Various studies propose different methods for automatic
segmentation of liver lesions, such as H-minima transform
filter combined with Otsu global thresholds for liver
segmentation [4], fuzzy logic and Shannon's entropy
function for tumor segmentation [5], multilevel
thresholding with electromagnetism optimization (EMO)
for liver tumor segmentation [6], and histogram
thresholding for distinguishing liver tissues in CT images
[7] have been proposed. Additionally, a method utilizing
thresholding of the Cahn-Hilliard solution for liver lesion
segmentation has been introduced, which separates healthy
liver tissue from lesions based on image intensities [8].

B. Region Based Segmentation

Region-based segmentation methods, such as thresholding

and region growing, have been widely used for liver
detection. These techniques rely on the intensity values of
the pixels to differentiate the liver from surrounding
tissues. Various approaches have been proposed to
enhance liver image segmentation, such as contrast
enhancement algorithms, intensity distribution analysis,
and boundary incorporation to improve accuracy and
achieve high Dice scores [9]. Additionally, size selection
region growing algorithms have been developed to
accurately extract liver regions from CT images, utilizing
preprocessing steps like thresholding, region growing, and
morphological operations [10]. Furthermore, the utilization
of region growing techniques, combined with contrast
stretching and morphological operations, has shown
promising results in segmenting liver regions from other
organs with high accuracy, validated through similarity
index and achieving an overall accuracy of 91.3% [11].
Moreover, liver level set algorithms have been introduced
to automatically segment disconnected liver regions,
ensuring accurate segmentation results with a Dice
similarity coefficient percentage of 87.5% [12].

C. Conture Based Segmentation

Contour-based methods, including active contour models
(snakes) and level sets, focus on delineating the liver
boundaries. These approaches are more robust to intensity
variations but can be sensitive to the initial placement of
the contour and may converge to local minima, leading to
suboptimal segmentations. A novel method utilizes a multi
Gabor feature map to describe patch homogeneity
nonlocally, leading to robust segmentation results with a
mean overlap error of less than 23.86% [13]. Additionally,
an active contour model with an embedded classifier,
based on a Gaussian mixture model, has been developed to
accurately extract liver tumors and vessels, showcasing
flexibility and accuracy in complex background scenarios
[14]. Furthermore, the use of a multidistribution level set
method has shown significant improvements in segmenting
liver tumors with low contrast and blurred boundaries,
outperforming traditional level set methods [15].

Table 1: Performance Analysis of Conventional Liver Segmentation Approaches

segmentation

References Methods Data Set Result Remarks

Nazish, H-minima transform | Private Data  set | Dice Score: 94% Variability in size, shape,

Khan et al. | filter combined with | from Rahman | Sensitivity: 93%, specificity: | position of liver and lesions.

[4] Otsu global | Medical Institute, | 87% Presence of other organs
thresholds for liver | Pakistan with similar intensities.

Deepesh et | multilevel Private Data Set

Accuracy: 93%

Execution time is too high

al. [5] thresholding  with when dealing with .jpg
fuzzy logic and format image
Shannon's entropy
Lamia et al. | multilevel Private Data Set Liver segmentation: | Difficult to find Optimal
[6] thresholding  with Accuracy: 98.47% , | threshold identification for
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References Methods Data Set Result Remarks
electromagnetism Sensitivity: 97.05%, | image segmentation
optimization Specificity: 99.88%
Liver tumor segmentation:
Accuracy: 96.86% ,
Sensitivity: 94.15%
Specificity: 99.57%
Tugce et al. | Watershed and | Private Data set: | Accuracy: 95.64% Data set is too small only 22
[7] histogram collected from images used for training
thresholding Radiology
methods Department of

Bagkent University,
Adana

Janaetal. [8]

Thresholding based
on  Cahn-Hilliard
phase separation.

Public Data set:
3Dircadb dataset
LITS dataset

3dircadb

Dice: 0.61 £ 0.22
Sensitivity: 0.64 +0.18
Specificity: 0.99 £ 0.01
LIST

Dice: 0.53 £ 0.27
Sensitivity: 0.70 £ 0.21
Specificity: 0.98 + 0.02

High noise in CT scans Low
contrast between liver and
lesions

Shima et al. | adaptive 3D region | Data set collected | Dice: 92.56% Limited to liver
[9] growing algorithm | from Institutional segmentation only
with  probabilistic | Review Board (IRB)
atlas
Shaimaa et | region growing and | Data collected from | Accuracy: 95% Limited to liver
al.[10] morphological the liver imaging segmentation only
operations. Atlas
Abdalla et | Region Growing | Private data set Accuracy: 91.3% Some optimization
al.[11] algorithm techniques need to hybrid
with proposed approach to
improve result
Puteri et al. |Liver level set |Private data set Dice: 87.5% Choosing the wrong first
[12] algorithm slice, would lead to wrong
enhancement of segmentation result
region growing
Chen et al. |nonlocal active | Private Data set Mean overlap error less than | The  proposed  method's
[13] contours with multi 23.86%. performance heavily relies
Gabor feature map on the quality of the initial
segmentation, which can
impact the final results
Yanfeng et | active contour | Private data set Proposed  method  well | The paper mentions that the
al. [14] model with performed compare with | developed model is accurate,
embedded Gaussian Geodesic Active Contour, C- | flexible, and suited for
classifer V (active contour without | extracting objects surrounded
edges) by a complicated
background. Still, it does not
provide specific quantitative
metrics or results to support
these claims, making it
challenging to assess the
model's performance
objectively.
Qiangian et | multidistribution Public Data set: Proposed model | Computational Complexity is
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References Methods Data Set

Result Remarks

al. [15] level set method 3Dircadb dataset

outperformed the CV model
and LSACM model.

high

3. Machine learning (ML) based Liver Segmentation

Machine learning techniques have introduced more
sophisticated methods for liver detection by learning from
annotated datasets. These approaches typically involve
feature extraction, model training, and classification.

A methodology which involves the iterative application of
a multi-class Bayesian classification system introduced
[16]. Initially, models are developed to represent the
Intensity of liver, tumor, and other relevant areas.
Subsequently, the posterior probabilities for individual
voxels are determined based on the multi-class distribution
acquired earlier, in conjunction with a uniform prior
distribution model. A 3D liver tumor segmentation which
combines watershed transform and SVM classification is
applied [17]. After undergoing various preprocessing steps,
such as segmenting the liver parenchyma and enhancing
liver contrast, the CT volume is divided into numerous
catchment  basins  using  watershed  transform.
Subsequently, a support vector machines (SVM) classifier
is utilized to train on seed points selected by the user for
tumor extraction from the liver parenchyma, with the
feature vector for training and prediction being calculated
based on each small region generated by watershed
transform. Lastly, morphological operations are applied to

the entire segmented binary volume in order to enhance the
initial segmentation outcome of SVM classification. A
methodology for automated segmentation of the liver in
three dimensions is developed [18].The approach involves
the application of a clustering technique based on k-means
for the creation of a region of interest. This is succeeded by
the utilization of a region growing algorithm for the initial
segmentation, followed by the implementation of a
localized contouring algorithm to achieve a more precise
segmentation. An automated segmentation approach in
which the initial delineation of tumors is achieved through
the utilization of a Support Vector Machine (SVM)
classifier [19]. This is then succeeded by the application of
a Markov random field-based omnidirectional deformable
surface model to further enhance the accuracy of the
segmentation process. A novel approach for liver
segmentation, which involves the delineation of initial
liver boundaries through artificial bee colony clustering
followed by morphological operations introduced [20].
Subsequently, a region growing technique is employed to
achieve a more precise segmentation. An automated
method for identifying liver lesions using an initial
detection of the liver based on blood vessel information
and histogram fitting with a variational Bayesian Gaussian
mixture model presented [21].

Table 2: Performance Analysis of Machine Learning based Liver Segmentation

References Method Data set Result Remarks
Moti et al. | multi-class MDCT data | Liver and tumor | It relies on user-defined voxel seeds for
[16] Bayesian set volume estimation | initialization, which may introduce
classification 3Dircadb correlation: 0.98 | variability based on seed selection
dataset and 0.99.
Total score for the
second database:
67.87%
Xing et al. | combines watershed | MICCAI averaged  overlap | It does not address the potential user
[17] transform and SVM | 2008 data set | error: 31.14% variability in selecting seed points for
training the SVM classifier, which could
introduce subjectivity and inconsistency
in the segmentation results,
Goryawala | k-means based | 3Dircadb Volume accuracy: | The algorithm's  performance  was
et al. [18] segmentation dataset 97.22%, Dice | evaluated using 34 liver CT scans, which
algorithm with Score: 0.92 may not fully represent the diversity of
region growing liver shapes and sizes in the general
population
Vorontsov et | deformable model | Private Data | Dice score: 0.81 + | It is semi-automatic approach indicating
al. [19] and Texture based | set 0.06 that some level of user interaction or
SVM intervention may be required during the
segmentation process,
Mostafa et | Clustering based | Private Data | Accuracy: 93.73% | The paper mentions the wuse of
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al. [20] artificial bee colony | set
optimization

algorithm

morphological operations to remove small
objects in the segmented images, but it
does not delve into the specific types of
morphological operations employed or
their impact on the segmentation results

Maklad et al. | Bayesian Gaussian | MICCAI
[21] mixture Model 2008 data set

Total Score: 79.7% | The

algorithm's  performance  was
evaluated using 60 liver tumor CT scans,
which may not fully represent the
diversity of liver shapes and sizes in the
general population

4. Deep learning (DL) based Liver Segmentation

In recent years, deep learning has revolutionized the field
of medical imaging, offering unprecedented accuracy and
robustness in liver detection. Fully Convolutional
Networks (FCNs) and their variants have become the state-
of-the-art methods for this task. In a broader sense, FCN is
a CNN with the FC layer replaced by deconvolutional (or
transposed convolutional) layer to perform pixel wise
classification.

In [22], two FCNs based on the VGG-16 model were
devised specifically for the detection of liver and lesions.
Conventional data augmentation methods such as scaling,
transformation, and rotation were applied in this process.
In [23], a Cascade Two FCN based UNet Model was
employed for the segmentation of liver and lesions, with
the refinement of output through the use of refined 3D
Conditional Random Fields. The Pre-processing stage
involved HU Windowing to eliminate irrelevant details,
contrast enhancement via Histogram equalization, and the
utilization of traditional data augmentation techniques. In
[24], variously sized patches extracted from abdominal CT
images were utilized as input for five Convolutional
Neural Networks (CNNs), with pre-processing steps
involving Gaussian smoothing filtering and Z-score
normalization. In [25], the application of two deep
convolutional neural networks (DCNN) incorporated long-
range UNet and short-range ResNet skip connections,
followed by the implementation of 3D connected
component labeling on each DCNN output for result
refinement. In [26], liver segmentation was conducted
using Simple ResNet, followed by the development of a
2D-DenseUNet that integrated densely connected paths
and UNet connections to combine inter-slice and intra-slice
features. Pre-processing included HU Windowing and data

augmentation through mirroring and scaling. In [27], a
Cascade 3D FCN structure was employed, comprising
multiple Attention Hybrid Connection Blocks (3-
AHCBIocks) densely connected with long and short skip
connections, as well as soft and hard self-attention
modules, to achieve rapid and accurate semantic
segmentation of medical images.

In [28], an enhanced version of FCN was created by
introducing a variable pooling kernel to enhance liver
region delineation, followed by the replacement of pooling
and convolution layers in the second FCN with dilated
convolution for improved global feature extraction of small
tumors. Post-processing involved the use of Conditional
Random Fields (CRFs) to further refine the results
obtained from cascaded FCNs. In [29], two Cascade Unet
Models were trained for liver and tumor segmentation,
with the final outputs of each network being upsampled to
their original dimensions using Bi-linear interpolation.
Image enhancement was carried out through Contrast
Limited Adaptive Histogram Equalization (CLAHE). In
[30], a modified UNet architecture was proposed,
incorporating a residual path with deconvolution and
activation operations in the skip connection to prevent the
duplication of low-resolution feature information.
Additional convolution layers were added to the skip
connection to extract high-level global features from small
object inputs and high-level features from high-resolution
edge information of large object inputs. In [31], the
development of Cascade U-ResNets, inspired by U-Net
and ResNet, for liver and lesion segmentation was
discussed. The performance was evaluated using five
different loss functions: Weighted Cross Entropy (WCE),
Dice Loss (DL), Weighted Dice Loss (WDL), Teversky
Loss (TL), and Weighted Teversky Loss (WTL).

Table 3: Performance Analysis of Deep Learning based Liver Segmentation

References Method Data Set Result Remarks
Ben- Two FCN with |Private Data | Liver segmentation: Segmentation output of the liver may not
Cohen et | Tradition Data | set: Sheba | Dice: 0.89 include some boundary pixels that are
al. [22] Augmentation medical center | Sensitivity: 0.86 darker and less similar to the liver
Public  Data | Precision: 0.95 parenchyma
set: Lesion detection:
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References Method Data Set Result Remarks
SLIVEROQO7 True Positive rate: 0.86
False Positive rate: 0.6
Christ et | Cascade Two FCN | Public  Data | Dice: 94% In Native UNet, contextual information of
al. [23] based UNet Model | set: the low-level encoder feature is
is utilized for Liver | 3Dircadb insufficient, leading to poor performance
and lesion | dataset for  pixel-wise  recognition  when
segmentation + concatenating with the corresponding
Post  processing- high-level decoder feature
Output are refined
using refined 3D
Conditional
Random Fields
Wen Li et |5 CNN with Patch | Private  Data | Patch size 17 x 17 Poor Performance in case of segmenting
al. [24] extraction from CT |set collected | Dice: 80.06% tumor in with heterogeneous intensity and
image from Zhujiang | Precision: 82.67% unclear boundary
Hospital Recall: 84.34%
affiliated with
Southern
Medical
University
Han et al. | Two DCNN with a | Public ~ Data | Dice: 67% Training of each model took about 4 days
[25] 3D connected | set: using a single NVIDIA Titan X GPU with
component LIST 2017 3584 cores and 12 GB memory.
labelling as Post
processing
X. Lietal |ResNet and 2d-|Public Data|3D IRCADb-01 To  improve small tumor detection,
[26] DenseUNet set: Liver segmentation: | perceptual generative adversarial
3Dircadb 92.9% networks (GANS) can be used
dataset Tumor  segmentation:
LIST 2017 82.4%
LiTS
Liver segmentation:
96.5%
Tumor  segmentation:
82.4%
H.Jiang et |I3D FCN  with | Public  Data | 3D IRCADb-01 To enhance tumor segmentation result
al. [27] attention modules | set: Liver segmentation: | post processing can be applied
3Dircadb 95.9%
dataset Tumor  segmentation:
LIST 2017 73.4%
LiTS
Liver segmentation:
94.5%
Tumor  segmentation:
62%
Yuwei TWO FCN with | Public  Data | DICE coefficient for 3D | While the proposed modifications show
Pang et al. | Dilated set: IRCADb-01  dataset: | improved performance in segmenting
[28] Convolution 3Dircadb Tumor  segmentation: | small tumors, the paper does not discuss
dataset 85.71% and  LiST | the potential impact on the segmentation
LIST 2017 dataset: Tumor | of larger or more complex tumors,
segmentation: 82.43%
Albishri et | Cascade two Unet | Public  Data | LiTS data set- Dice | While the model achieved high Dice
al. [29] with Bi-linear | set: Value scores of 0.894 for liver segmentation and
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References Method Data Set Result Remarks
interpolation LIST 2017 Liver segmentation: | 0.595 for tumor detection, the evaluation
89.4% was based on these metrics alone.
Tumor  segmentation: | Including additional metrics such as
59.5% sensitivity, specificity, or false positive
rate could provide a more comprehensive
assessment of the model's performance.
H. Seo et |Cascade two Unet | Public  Data | 3D IRCADb-01 The paper highlights that the conventional
al. [30] with set: Liver segmentation: | U-Net's duplication of low-resolution
deconvoluation 3Dircadb 96.1% information through skip connections can
dataset Tumor  segmentation: | cause smoothing of object boundary
LIST 2017 68.14% information, particularly problematic for
LiTLiver segmentation: | objects with fuzzy boundaries. This
98.51% limitation can impact the network's ability
Tumor  segmentation: | to precisely delineate object boundaries in
89.72% CT images.
X. Xi et al. | Cascade U- | Public  Data | Liver segmentation: | The paper focuses on investigating the
[31] ResNets (inspired | set: 94.9% performance of different loss functions for
by U-Net and|LIST 2017 Tumor  segmentation: | liver and lesion segmentation but does not
ResNet) 75.2% compare the computational efficiency or
training time of these methods, which
could be crucial for practical
implementation.

5. Publicly Available Data Set

Publicly available datasets currently consist of the cancer
imaging archive of the Frederick National Laboratory for
Cancer Research [33], the 3Dircadb dataset from the
Research Institute against Digestive Cancer [34] ,the
MIDAS liver tumor dataset from the National Library of
Medicines Imaging Methods Assessment and Reporting
(IMAR) project [34] and the Sliver’07 dataset from The
Medical Image Computing and Computer Assisted
Intervention Society MICCAI liver segmentation challenge
[35]. Manual outlining of liver (Sliver’07, 3Dircadb), liver
tumor contours (MIDAS, 3Dircadb), and liver blood vessel
contours (3Dircadb) by radiological experts was conducted
on a slice-by-slice basis to establish the ground truth.
Segmentation of the 3Dircadb and Sliver’07 datasets was
performed by a single radiologist, whereas the MIDAS

3. Limited Annotated Data: High-quality annotated
datasets are essential for training robust models, but
such data is often scarce.

4. Noise and Artifact: CT images often contain noise and
artifacts, complicating accurate segmentation.

Future research should focus on addressing these
challenges through:

1. Data Augmentation and Synthesis: Generating
synthetic data to augment training datasets and improve
model robustness.

2. Multi-Modal Approaches: Combining information
from multiple imaging modalities (e.g., MRI, PET) to
enhance liver detection accuracy.

3. Transfer Learning: Leveraging pre-trained models on

dataset underwent Segmenta’[ion by five different related tasks to improve performance with limited data.

radiologists. 4. Interactive Segmentation: Developing user-friendly

6. Cha“enges and Future Directions '[00|S that a."OW CliniCianS to interactively refine
) o segmentations for improved accuracy

Despite significant advancements, several challenges

remain in liver detection using CT images:

1. Variability in Liver Appearance: The liver's
appearance can vary widely due to differences in
patient anatomy, pathology, and imaging conditions.

2. Proximity to Other Organs: The liver is located near
other organs with similar intensity values, making it
difficult to distinguish boundaries.

7. Conclusions

This paper discusses the various approaches used for
Traditional, ML and DL based liver and tumor
segmentation. Numerous inferences can be drawn from
previous research. Initially, techniques that solely depend
on pixel intensity appear inadequate for segmenting lesions
other than metastases. Subsequently, segmenting liver
lesions within a liver envelope seems to enhance accuracy,
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especially for automated segmentation approaches. Lastly,
the incorporation of machine learning methods appears to
significantly improve tumor detection and segmentation
precision.

Relying solely on intensity for segmentation is not
effective for tumors and vasculature. While some primary
tumors and many metastases exhibit distinct intensity
ranges compared to healthy liver tissue, these ranges can
vary depending on imaging systems and patient anatomy.
Moreover, accurate identification of many primary tumors
relies on their texture characteristics. This trend is evident
in the literature, where approaches integrating texture
features and machine learning techniques demonstrate the
most precise segmentation across various types of lesions.
The utilization of machine learning can markedly enhance
the precision of liver tumor segmentation, as the most
effective methods employ machine learning techniques.
Conversely, conducting segmentation within a liver
envelope yields superior outcomes for lesion segmentation
and classification within the liver. Previous studies have
indicated that segmenting liver lesions solely within the
liver results in higher accuracy, particularly with
automated methods.

In comparison to recent automated techniques, semi-
automatic methods do not present significant advantages.
The most favourable outcomes for liver tumor
segmentation are typically achieved through automated
approaches. Additionally, automatic segmentation offers
two notable benefits over semi-automatic methods. Firstly,
it does not necessitate user interaction and is generally
quicker than alternative  segmentation  methods.
Furthermore, it ensures reproducibility by eliminating the
need for constant user input.

In recent era, DL based fully automated liver and tumor
segmentation is widely used. Main problem with this
techniques computationally expensive and required huge
amout of annoted data set.

Despite the numerous liver segmentation methodologies
proposed, there remains room for enhancement,
particularly in pathological livers characterized by
irregular shape and intensity patterns posing challenges for
automated  segmentation. Moreover, methods for
segmenting tumors and vasculature are relatively
underdeveloped and underexplored due to the insufficient
availability of suitable datasets

References

[1] Todoroki, Yoshihiro, et al. "Detection of liver tumor
candidates from CT images using deep convolutional
neural networks." International Conference on
Innovation in Medicine and Healthcare. Springer,
Cham, 2017.

[2] H. Rumgay and et al., “Global burden of primary
liver cancer in 2020 and predictions to 2040,” Journal
of Hepatology, 2022

[3] V. Chernyak and et al., “Liver imaging reporting and
data system (li-rads) version 2018: Imaging of
hepatocellular carcinoma in at- risk patients,”
Radiology, vol. 289, no. 3, pp. 816-830, 2018, pMID:
30251931.

[4] Nazish, Khan., Imran, Ahmed., Mahreen, Kiran.,
Hamoodur, Rehman., Sadia, Din., Anand, Paul.,
Alavalapati, Goutham, Reddy. "Automatic
segmentation of liver & lesion detection using H-
minima transform and connecting component
labeling." Multimedia Tools and Applications, (2020.
doi: 10.1007/5S11042-019-7347-4

[5] Deepesh, Edwin., S., Hariharan. "Liver and tumour
segmentation from abdominal CT images using
adaptive threshold method.” International Journal of
Biomedical Engineering and Technology, (2016).
doi: 10.1504/1JBET.2016.077183

[6] Lamia, Nabil, Mahdy., Lamia, Nabil, Mahdy., Kadry,
Ali, Ezzat., Kadry, Ali, Ezzat., Mohamed, A., Torad.,
Aboul, Ella, Hassanien. "Automatic segmentation
system for liver tumors based on the multilevel
thresholding and electromagnetism  optimization
algorithm." International Journal of Imaging Systems
and Technology, (2020). doi: 10.1002/IMA.22432

[7] Tugce, Sena, Avsar.,, Sami, Arica. "Automatic
Segmentation of Computed Tomography Images of

Liver Using Watershed and  Thresholding
Algorithms." (2017). doi: 10.1007/978-981-10-
5122-7_104

[8] Jana, Lipkova.,, Markus, Rempfler., Patrick,

Ferdinand, Christ.,, John, Lowengrub., Bjoern, H.,
Menze. "Automated Unsupervised Segmentation of
Liver Lesions in CT scans via Cahn-Hilliard Phase

Separation..” arXiv: Computer Vision and Pattern
Recognition, (2017).

[91 Shima, Rafiei.,  Nader, Karimi., Behzad,
Mirmahboub., Kayvan, Najarian.,, Banafsheh,
Felfeliyan., Shadrokh, Samavi.,, S., M., Reza,

Soroushmehr. "Liver Segmentation in Abdominal CT
Images Using Probabilistic Atlas and Adaptive 3D
Region Growing." (2019). doi:
10.1109/EMBC.2019.8857835

[10] Shaimaa, A., Elmorsy., Mohamed, A., Abdou.,
Yasser, F., Hassan., Ashraf, Elsayed. "K3. A region
growing liver segmentation method with advanced
morphological enhancement.” (2015). doi:
10.1109/NRSC.2015.7117857

[11] Abdalla, Mostafa., Mohamed, Abd, Elfattah., Ahmed,

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(23s), 375384 | 382



[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

Fouad., Aboul, Ella, Hassanien., Hesham, A., Hefny.
"Enhanced Region Growing Segmentation for CT
Liver Images.”  (2016). doi: 10.1007/978-3-319-
26690-9_11

Puteri, Suhaiza, Sulaiman., Rahmita, Wirza, O., K.,
Rahmat., Ramlan, Mahmod., Abdul, Rashid. "An
automatic segmentation of liver colume that
contained disconnected region with dynamic local
neighbourhood region sizes." (2016). doi:
10.33736/JITA.39.2010

Bin, Chen., Yang, Chen., Guanyu, Yang., Jingyu,
Meng., Rui, Zeng., Limin, Luo. "Segmentation of
liver tumor via nonlocal active contours."”  (2015).
doi: 10.1109/ICIP.2015.7351504

Yanfeng, Shang., Yanfeng, Shang., Aneta, Markova.,
R., Deklerck., Edgard, Nyssen., Xin, Yang., Johan,
De, Mey. "Liver segmentation by an active contour
model with embedded Gaussian mixture model based
classifiers."” Proceedings of SPIE, (2010). doi:
10.1117/12.855050

Qiangian, Pan., Liwei, Zhang., Li, Xia., Hongzhi,
Wang., Hai, Li. "Liver tumor segmentation based on
level set.” (2018). doi: 10.1117/12.2502810

Moti, Freiman., Ofer, Eliassaf., Yoav, Taieb., Leo,
Joskowicz., Jacob, Sosna. "A Bayesian Approach for
Liver Analysis: Algorithm and Validation Study."
(2008). doi: 10.1007/978-3-540-85988-8_11

Xing, Zhang., Jie, Tian., Dehui, Xiang., Xiuli, Li.,
Kexin, Deng. "Interactive liver tumor segmentation
from ct scans using support vector classification with
watershed." (2011). doi:
10.1109/IEMBS.2011.6091484

Mohammed Goryawala., Seza, A., Gulec., Ruchir,
Bhatt., Anthony, J., McGoron., Malek, Adjouadi. "A
Low-Interaction Automatic 3D Liver Segmentation
Method Using Computed Tomography for Selective
Internal Radiation Therapy." BioMed Research
International, (2014). doi: 10.1155/2014/198015

Eugene Vorontsov., Nadine Abi-Jaoudeh., Samuel
Kadoury. "Metastatic Liver Tumor Segmentation
Using Texture-Based Omni-Directional Deformable
Surface Models." (2014). doi: 10.1007/978-3-319-
13692-9_7

Abdalla Mostafa., Ahmed, Fouad., Mohamed, Abd,
Elfattah., Aboul, Ella, Hassanien., Hesham, A.,
Hefny. "Artificial Bee Colony Based Segmentation
for CT Liver Images."” (2016). doi: 10.1007/978-3-
319-33793-7_18

Maklad, A. S., Matsuhiro, M., Suzuki, H., Kawata,
Y., Niki, N., Moriyama, N., Shimada, M.. “Blood

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

vessel-based liver segmentation through the portal
phase of a CT dataset”. Medical Imaging 2013:
Computer-Aided Diagnosis.

Ben-Cohen A., Diamant I., Klang E., Amitai M.,
Greenspan H. , “Fully Convolutional Network for
Liver Segmentation and Lesions Detection”. In:
Carneiro G. et al. (eds) Deep Learning and Data
Labeling for Medical Applications. DLMIA 2016,
LABELS 2016. Lecture Notes in Computer Science,
vol 10008, 2016 Springer, Cham.
https://doi.org/10.1007/978-3-319-46976-8 9

Christ, P.F., Elshaer, M.E., Ettlinger, F., Tatavarty,
S., Bickel, M., Bilic, P., Rempfler, M., Armbruster,
M., Hofmann, F., D'Anastasi, M., Sommer, W.H.,
Ahmadi, S., & Menze, B.H. Automatic “Liver and
Lesion Segmentation in CT Using Cascaded Fully
Convolutional Neural Networks and 3D Conditional
Random Fields”. MICCAI 2016. DOI:10.1007/978-3-
319-46723-8 48

Wen Li, Fucang Jia, Qingmao Hu. ‘“Automatic
Segmentation of Liver Tumor in CT Images with
Deep Convolutional Neural Networks”. Journal of
Computer and Communications, Vol.3 No.11, 2015.
DOI: 10.4236/jcc.2015.311023

Han, X., “Automatic Liver Lesion Segmentation
Using A Deep Convolutional Neural Network
Method”.2017, ArXiv, abs/1704.07239.

X. Li, H. Chen, X. Qi, Q. Dou, C. -W. Fu and P. -A.
Heng,, “H-DenseUNet: Hybrid Densely Connected
UNet for Liver and Tumor Segmentation From CT
Volumes”, in IEEE Transactions on Medical
Imaging, vol. 37, no. 12, pp. 2663-2674, 2018. doi:
10.1109/TM1.2018.2845918.

H. Jiang, T. Shi, Z. Bai and L. Huang, “AHCNet: An
Application of Attention Mechanism and Hybrid
Connection for Liver Tumor Segmentation in CT
Volumes”, in IEEE Access, vol. 7, pp. 24898-
24909,2019, doi: 10.1109/ACCESS.2019.2899608

Yuwei Pang, Dong Hu, and Min Sun., “ A modified
scheme for liver tumor segmentation based on
cascaded FCNs”. In Proceedings of the International
Conference on Artificial Intelligence, Information
Processing and Cloud Computing (AIIPCC '19).
Association for Computing Machinery, New York,
NY, USA, Article 10, 1-6., 2019. DOl
:https://doi.org/10.

1145/3371425.3371451

A. Albishri, S. J. H. Shah and Y. Lee, “CU-Net:
Cascaded U-Net Model for Automated Liver and
Lesion Segmentation and Summarization”, IEEE
International Conference on Bioinformatics and

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(23s), 375384 | 383



[30]

[31]

[32]

[33]

[34]

[35]

Biomedicine (BIBM), 2019, pp. 1416-1423, doi:
10.1109/BIBM47256.2019.8983266.

H. Seo, C. Huang, M. Bassenne, R. Xiao and L. Xing,
“Modified U-Net (mU-Net) With Incorporation of
Object-Dependent High Level Features for Improved
Liver and Liver-Tumor Segmentation in CT Images”,
in IEEE Transactions on Medical Imaging, vol. 39,
no. 5, pp. 1316-1325, 2020.
doi:10.1109/TMI.2019.2948320.

X. Xi, L. Wang, V. S. Sheng, Z. Cui, B. Fuand F. Hu
, “Cascade U-ResNets for Simultaneous Liver and
Lesion Segmentation”, in IEEE Access, vol. 8, pp.
68944-68952, 2020. doi:
10.1109/ACCESS.2020.2985671.

CIR dataset (2016) www.cancerimagingarchive.net.
Accessed 1 Feb 2017

IRCAD dataset (2016)
www.ircad.fr/research/3dircadb/. Accessed 1 Feb
2017

MIDAS dataset (2016) www.insight-
journal.org/midas/collection/
view/38. Accessed 1 Feb 2017

SliverQ7 dataset (2016) www.Sliver07.org/. Accessed
1 Feb 2017

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(23s), 375384 | 384



