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Abstract: An efficient segmentation of the liver in the abdomen computed tomography (CT)
images plays an important role in the field of computer-assisted diagnostics, tumor detection,
volume measurement, and radiotherapy planning. However, the complexity of the organ’s shape
and the low quality of the image make this task laborious and error-prone whether doing manually
or semi-automatically. The paper describes a system for automatic three dimensional Liver
segmentation based on deep learning implemented with the use of the MONALI toolkit and
PyTorch.

For this research, three dimensional abdominal CT scans in the NIfTI format are used. Besides,
a specific pre-processing technique, including the following procedures: intensity normalization,
re-sampling spatially, correcting the orientation, cropping of the foreground image, and resizing
of the images to have the same dimensions, is employed. This was performed using MONAI
transforms. For the purpose of Liver region segmentation, a three dimensional U-net network
with five levels of encoder-decoder along with batch normalization was used. During training,
dice loss function and Adam optimizer were utilized.

The experimental evaluation on various training and test sets illustrates a decrease in the training
and validation loss function alongside improved Dice Similarity coefficients. Moreover,
qualitative assessment reveals a high level of agreement between the predicted liver masks and
ground truth labels.
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The results indicate that the proposed MONAI-based deep learning framework can effectively
perform end-to-end three dimensional liver segmentation and has the potential to support reliable
and efficient clinical workflows in abdominal imaging.

Keywords: Three dimensional Medical Imaging, Liver Segmentation, Deep Learning, MONAI,
U-Net, CT Imaging

1. Introduction

Medical imaging has recently been recognized as an important tool in modern medical
practice, allowing doctors to see internal organs and tissues with high accuracy. Among
various medical imaging tools, computed tomography has been widely used for
analyzing abdominal structures because of its high spatial resolution[ 1], fast acquisition
time, and capacity to provide information about minute details of the anatomy. An
important step in analyzing an abdominal CT image is liver segmentation.

It is known that the manual segmentation of the liver is not only difficult but also time-
consuming process. The presence of lesions, the variability of the morphology of the
organs, the intensity of the CT scans, and the surrounding structures make it even more
difficult. This has led to the need for the development of automatic liver segmentation
techniques.

Conventional methods of image processing, including region growing, thresholding,
and active contour models, may not always be able to preserve robustness when dealing
with variability as seen in real-world data. It is a fact that the deep learning methods, in
particular the convolutional neural networks (CNNs)[ 1], can learn hierarchical features
from data; it does not use image modeling and are a conventional solution for this
problem[4].

Recently, U-Net and its three dimensional variants [1 ,2] have become a common
practice in process for segmentation of large volumes of medical images [6]. These
models are specifically designed for dense prediction tasks and are capable of
proficiently dealing with liver segmentation in three dimensional CT scans. The three
dimensional U-Nets[2] are capable of analyzing the organ in three-dimensional space
by maintaining spatial information and using skip connections along with volumetric
convolutions.

The primary goal of this project is to help create an efficient automated liver
segmentation tool using the MONALI library along with PyTorch [7]. MONALI provides
domain-specific modules for data loading, transformation, preprocessing, training, and
testing, which are very useful for medical image datasets. The project uses a
preprocessing pipeline with intensity normalization, spatial resampling, and region
cropping, as specified in the prepare() function of the preprocess.py file.

1.1 Motivation

The motivation behind this project comes in through the convergence of clinical need,
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the technical progress, and the increasing demand of Al-based interventions in the
healthcare industry. Although liver segmentation is an important aspect of different
diagnostic and treatment processes, it is still a time-consuming task, with vast
opportunities to enhance it.

i.) Increasing Clinical Demand for Accurate Liver Analysis

The liver is frequently affected by a wide range of diseases, including:

e  Hepatocellular carcinoma (HCC)

e  Metastatic tumours

e Cirrhosis and fibrosis

e Fatty liver disease (NAFLD/NASH)
Physicians are increasingly depending on the quantitative data such as the size of the
liver, the restrains of lesions, tissue characteristics. These measurements cannot be of
use without proper segmentation. One little wrong step in drawing the boundaries can
be enough to disarrange treatment plans, radiation doses, and surgical choices.
Therefore, this project is done to create an automated system to assist the clinicians in
obtaining the repeatable, consistent, and objective results of the segmentation.
ii). Challenges in Manual Segmentation of 3D CT Data:

A typical CT scan contains hundreds of slices, and the liver often spans dozens of them.
Manually outlining the organ requires:

e Significant time per patient

e High concentration

e Expertise to manage anatomical variations

e Precision in distinguishing liver tissue from nearby organs like kidneys,

stomach, and spleen

Frankly, I believe that such a process is not scaled, particularly in the clinical setting
that is busy. Automated segmentation might be a true way of reducing that load to allow
radiologist to concentrate on more sophisticated analyses than on mundane ones.
iii). Role of Liver Segmentation in:

a). Tumor Detection

Cancer in the liver is among the leading causes of death of all cancers worldwide and
proper management of liver cancer depends on the fact that one can read the scans
correctly. I have in my course work observed that the automatic slicing out of the liver
is critical in the detection of tumours since it allows strictly utilizing of the liver alone
and not the rest of the body in CT and MRI images. Segmentation reduces false alarms
by only focusing on the liver area, gives the lesions a more narrow focus, and by and
large makes all the tumor-finding algorithms more plausible. This is particularly a huge
blight when you are after early-stage tumors whose lesions are thimbleberry-sized and
hardly noticeable against normal tissue.
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b). Surgical Planning

Liver segmentation is a requirement beyond the scope of detecting the tumors to plan
surgery and intervention. Having a clean and precise map of the liver and any
malignancies, surgeons are able to estimate the volumes, determine the location of the
tumor with reference to the blood vessels, and determine how much liver will remain
following the resection. All this would be essential in determining whether surgery can
be done and ensuring that the complications are reduced to the bare minimum. When
using interventional techniques, such as ablation or transarterial chemo-embolization,
segmentation is needed to identify the tumor more accurately and estimate its risk,
which, consequently, has a positive outcome on patients.

¢). Radiotherapy

Segmentation of the liver also contributes immensely to radiotherapy planning where
you require an anatomical profile which would be spot-on so that you can crank the
dose of the tumor to spare the rest of the liver not to mention the other organs at risk.
Proper segmentation enables the planners to align the dose distribution in the most
effective manner, tune up the plan, and monitor the effect of the anatomy during the
treatment. Concisely, accurate solid liver segmentation is a keystone in detection,
surgery and radiotherapy hence my interest in observing that a lot of research is being
invested in accurate, yet, efficient, solid liver segmentation, to be applied in the real-
clinical setting.

iv). Limitations of traditional image processing methods:

Historically, both the impact of medical imaging image-processing has been based on
edge detectors and hand-crafted features 33 image-processing practices based on
temperature thresholds, edge detectors, region growing and an approximation of
morphology. In these pre-existing methods, the images are assumed to appear in a
particular manner and that boundaries are definite, which is hardly the case in practice
in scans that arise in clinical practice. Variations in scanner hardware, scanning
protocols, patient anatomy and noise levels tend to cause the performance to be off,
therefore not generalizing well to other datasets.

The other major disadvantage of these classical methods is that they are not able to deal
with low-contrast and challenging anatomy. The edges of the tumor tend to be fuzzy
with liver images due to overlapping intensities of the lesion and normal liver, as well
as due to artifact and the tumor may appear anywhere. Because rule based approaches
cannot incorporate variability, they are likely to miss some parts of the tumor, or include
more than is needed, In addition, the majority of such methods have a very large number
of parameters that need to be fine tuned and have guidance from experts.

The long tradition means older ways of doing things lacks the long view. They simply
tend to examine local pixel or voxel intensities and disregard global context, such as
what the organ or its relationship to other structures should look like. Therefore, they
are not very good with irregular shapes of tumours, multi-focal disease or liver
deformity.



Al-Driven 3D Liver Segmentation Using Deep Learning and MONAI 11

Since these pipelines are modular and sequential, a mistake during the initial stage (e.g.,
before the process of preprocessing or the first round of liver extraction) can disrupt
subsequent points that may cause other steps to become disorganized (e.g. tumor
detection and final segmentation). That demonstrates the weakness of the previous
system in the sturdy world of actual clinical data, and why numerous individuals are
transitioning to data-driven, learning based frameworks capable of automatically
identifying strong representations out of huge and varied sets of medical images.

1.2 Problem Statement

i). Complexity of 3D Liver Anatomy
The liver itself is a nightmare of 3-D complications: odd projections, enormous

variations in each patient, it lies directly next to a collection of other organs: the spleen,
stomach, kidneys and the diaphragm. It has generally blurry borders in scans as it has
similar intensity patterns with its surrounding tissues, is subject to partial-volume
effects and motion artifacts during breathing. Particularly in full three dimensional
volumes of CT and MRI can provide accurate determination of the lever line. There are
100s of slices of which it often spans several of them in a typical CT scan.
Manually outlining the organ requires:

e Significant time per patient

e High concentration

e Expertise to manage anatomical variations

e Precision in distinguishing liver tissue from nearby organs like kidneys,

stomach, and spleen

This process is not scalable, especially in busy clinical environments. Automated
segmentation reduces this burden and allows radiologists to focus on higher-level
analysis rather than repetitive tasks.
ii). Variability Across Patients and Imaging Protocols
CT scans vary significantly due to:

e Differences in scanner hardware

e  Slice thickness and voxel spacing

e Contrast enhancement phases

e Patient anatomy and posture
All these variabilities imply that classical pipelines do not work. This is why the modern
MONALI preprocessing stages, namely, spacing correction, intensity normalization,
orientation align and foreground cropping were created to address the said
inconsistencies directly.
1.3 Objectives

The primary objective of this study is to create an Al-powered liver segmentation
system on MONALI built in three dimensional. The structure is supposed to be able to
cut out the liver quickly and correctly of the volumetric data (e.g. a CT or MRI scan)
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with the newest deep-, and state of the art deep-, and training tricks that MONAI can
provide.
The targeted objectives of this research are as follows:

). To architecture and execute a powerful three dimensional deep-learning model
of liver segmentation on the foundation of MONAI modular components and
tools that are inherently specialized to medical imaging.

ii). To increase the precision of segmentation by making diverse use of the
volumetric spatial clues and the anatomical variability of 3 nd hepatic imaging.

iii). To assess the quality of the proposed framework using conventional
quantitative indicators and baseline datasets, and to compare it to the
performance of the existing traditional and learning-based segmentation
methods.

iv). To make sure that the framework can be scaled and replicated in the future to
be used in clinical practice to detect tumors, plan surgical operations, and
perform radiotherapy.

To identify the level of accuracy of segmentation of the proposed Al-based 3-D liver
segmentation within the framework several quantitative measurements are used, like.
Dice Similarity Coefficient (DSC), Jaccard Index, precision, recall, and Hausdorff
Distance. This ensures a robust and clinically relevant performance.

The study also tries to demonstrate the application of Medical Open Network Al
(MONAI) to medical images analysis. Our objective will be to design a robust and
reusable 3-D liver segmentation pipeline that would enable the use of multiple
anatomical variation and volumetric imaging data and can be applied to other domains
by utilizing the modular architecture of MONAI, domain-specific tools, and deep-
learning pipelines. It proves that MONALI is a promising unified system on which to
construct Al-based medical imaging. Moreover, we will prove the strength and clinical
usefulness of the framework using quantitative assessment and experimentation.
Reported high accuracy in segmentation is to feed into downstream tasks, such as tumor
detection, surgical planning, and radiotherapy, proving that MONAI -based solutions
are useful in the real-life clinical workflow.

1.4 Contributions of the study

This section describes the major contributions of this work which are aligned with the
experimental results and analysis presented in the Results section. They are summarized
as follows:

i). Automated end-to-end 3D Liver Segmentation System: In this work totally
automated and combined pipeline of 3-D liver segmentation like abdominal CT
scans, encompassing the data preprocessing, model training, validation and
testing has been discussed. A continuous consistent training and testing providing
Dice coefficients with values of 0.90-0.95 indicates that this end-to-end design is
efficient resulting in reliable generalization of unseen data.
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Robust MONAI-Based Preprocessing Pipeline for Volumetric CT Data: The
preprocessing is an effective method which has included the non-uniform voxel
spacing normalization, orientation alignment (RAS), the intensity scaling,
foreground trimming, and homogenous sizing through MONAI transforms. It has
been observed, a gradual narrowing of curves of loss and smoothness in the
variance of Dice scores across epochs. This indicates that the stability of training
and segmentation errors are due to the standardized preprocessing.

Optimized 3D U-Net Architecture with Residual Learning: This paper has
considered the architecture of U-Net that includes more three dimensional layers
of residual units and feature extraction on different scales, to take into
consideration global anatomical learning as well as detailed liver boundaries.
There exists a large overlap between the predicted masks and ground truth masks
and these are demonstrated through high Dice score measures as well as visual
representations.

Class-Imbalance-Aware Training Using Dice-Based Optimization: The Dice
Loss function was used in this paper as an optimization tool while Dice Similarity
Coefficient has been utilized for assessing the significance of differences between
foreground and background. The approach has been implemented due to the
presence of an extremely uneven foreground of liver segmentation. The consistent
growth of the Dice coefficient and lack of overfitting (from well matched training
and test curves) demonstrate the adopted approach for loss function design.
Efficient, Reproducible, and Extensible Implementation Framework: The
system is optimally designed to be reproducible and computationally efficient
through the modular design of the system, as well as, optimized loading of
important data through Cache Dataset, and automated model check pointing
through validation Dice scores. The structural character of the model-saving
behavior and the consistent test-time behavior suggests that the structure can be
easily generalized to include other organs or to other downstream medical
imaging applications.

2. Related Work

2.1 Traditional Liver Segmentation Methods

In the initial work on liver segmentation based on CT images of the abdomen, the
primary involvement of the traditional image processing method and the model-based

approach was used. The general techniques were thresholding, region growing and
atlas-based segmentation. Techniques using thresholding take advantage of the
difference in intensity between liver tissue and other organs; nonetheless, thresholding
techniques are very susceptible to noise, change of contrast, and pathological variations.
Region growing algorithms are based on thresholding but make use of spatial
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connectivity and still need carefully selected seed points and can be afflicted by leakage
into adjacent organs of similar intensities.

Atlas-based techniques had pre-existing anatomical information in the form of labeling
a reference atlas that was registered to unseen scans. Although these techniques were
more robust than those that just worked on intensity data, they were very sensitive to
proper registration. Xenophonic anatomy variability among patients among various
patients, the existence of tumors, and variation in the imaging processes often resulted
in misalignment and poor segmentation capability. In general, the traditional methods
had no generalization ability and demanded huge amount of manual effort which
limited its clinical applicability.

2.2 3 D Medical Image Segmentation with the help of Deep Learning

The revolutionary medical image segmentation is obtained through convolutional
neural networks (CNN)[6]. It plays a major role in . U-Net based models [1] and the
encoder-decoders architecture for predicting pixels have become the practice. To
compute complete volumetric context resulting in better segmentation errors of organs
like liver the use of these architectures in three dimensions enabled networks are used.
There are several three dimensional architectures like three dimensional U-Network,
V-Network[3], and Attention U-Net [16] architecture. The specialty of these models
are that they use the volumetric convolutions and skip connections to retain the spatial
details and learn high-level semantic features. Another significant approach is the
attention variants which helps in segmentation through selective emphasis over the
areas of concern by making boundary accentuation in complicated body parts better.
The above models are quite successful but the deep learning-based methods generate
new challenges. Training 3-D networks is not only a costly affair but it is
computationally hard and sensitive due to input resolution, intervoxel distance as well
as data heterogeneity. Apart from that, the extreme class imbalance between
background tissue and foreground organs will frequently result in biased optimization,
and special loss functions including Dice-based losses. However, the advanced three
dimensional Deep Convolutional Neural Networks (3D-DCNN) [21] and gradient-
enhanced transformer architectures like G-UNETR++ [22] have a significant
contribution in this process. Moreover, the MICCAI challenges (2024-2025) highlight
the emergence of state space models and advanced CNNs. This enables to push the
boundaries of segmentation accuracy on the LiTS dataset [23]. But, these highly
parameterized models often require immense computational overhead compared to
optimized three dimensional U-Net variants.

2.3 MONAI in Medical Imaging

To meet the specifics of the medical imaging field, medical imaging domain specific
frameworks were created, with MONAI (Medical Open Network for Al) [7] becoming
one of its most popular. MONAI has unified building blocks of medical image
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preprocessing, data loading, model architecture, loss functions and evaluation metrics
with a specific focus on volumetric data.

It has been determined in previous works employing MONALI that performing organ
segmentation yields a greater degree of reproducibility and means a less complex
process of implementation. The in-built feature of spatial resampling, intensity
normalization, orientation alignment and caching techniques have also proven to be
particularly useful in dealing with all types of CT data at MONALI. Besides, its native
three dimensional segmentation networks and systems based on Dice optimization
techniques allowed me to deliver trustful medical imaging pipelines in relative haste.
Nevertheless, regardless of its popularity as a framework, a majority of the papers either
dig into novel architectures, or remain stuck with complex models, and fail to pay the
needed attention to make the entire thing reproducible end-to-end, by preprocessing the
input and the training process, and standardizing it.

2.4 Research Gap

In the literature, it is evident that although the deep-learning three dimensional
segmentation approaches achieve high accuracy, many of them lack either a workflow
(reproducible) or fancy architecture. Traditional approaches are not particularly
generalization when applied to different clinical data, and the best deep-learning models
usually require insanity of computation and a ton of tuning.

The rather broad gap in the field of research is the absence of an efficient end-to-end
three dimensional liver segmentation system that incorporates strong pre-processing, a
consistent three dimensional U-Net, class-imbalance-balanced optimization and
reproducible training within a coherent medical imaging system.

To address that gap, this paper provides a fully automated MONAI-based three
dimensional liver segmentation pipeline that prioritizes preprocessing consistency,
architecture efficiency, and solid Dice-based evaluation that achieves good
segmentation results and is practically feasible at the same time.

3. Methodology

3.1 Dataset Description

Data set Name: The Liver Tumor Segmentation (LiTS) Challenge Dataset [8] had been
used for the experiments. This is a publicly accessible test dataset that has been widely
used to test the liver and liver-tumor region segmentation algorithms in abdominal CT
scanning.
Number of CT Volumes: There are 131 contrast-enhanced abdominal CT volumes in
.LiTS[8,17] dataset. It has been obtained from different clinical centers.

e Training set: 131 CT scans with corresponding liver and tumor annotations

e Testing set: Provided without labels for suppressing the original source.
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This work, has reorganized the dataset into training and testing subsets with available
annotations to have supervised learning and quantitative evaluation.
Image Resolution and Voxel Spacing: There is a non-homogenous in-plane resolution
in the original computed tomography volumes. It also has a different slice thickness,
which reflects the clinical variation inherent in normal clinical practice. All the volumes
were preprocessed through a standardized process to achieve spatial uniformity to the
dataset:
e Original modality: Abdominal CT (Hounsfield Units)
e Resampled voxel spacing: 1.5 * 1.5 * 1.0 mm?
e Intensity normalization: Clipped to /—200,200][-200, 200][—200,200] HU
and scaled to [0,1]/0, 1][0,1]
e Orientation: Reoriented to RAS (Right—Anterior—Superior) coordinate
system
e Spatial normalization: Foreground cropped and resized to 128 x 128 x 64
voxels
Such preprocessing steps reduce inter scan variation and enable easy training of three
dimensional convolutional neural networks and retain important anatomical detail at
the same time.
Data splitting for Training, Validation and Testing: To avoid any leakage of data,
the dataset is divided into non-overlapping subsets at the patient level:
e Training data set: Majority of labeled volumes used for model optimization
e Validation set: For performance monitoring a subset of training data was
implicitly used during training.
e Test set: Held-out volumes used exclusively for final evaluation
While splitting the data it was ensured that no subject appears in more than one subset.
This provides a fair and unbiased assessment of model generalization.
3.2 Data Preprocessing

A further medical image segmentation process known as preprocessing is necessary to
minimize inter scan variation, spatial resolution normalization, and model
extrapolation. This paper implemented CT volumes and segmentation masks using a
MONAI-based pipeline as a preprocessor.
Intensity Normalization: Raw CT data have Hounsfield Units (HU) that can have very
different values (varying between scanners and protocols). Normalization of intensity
was used to minimize the contribution of irrelevant range of intensities and enhance
learning to remain stable such as:
e The CT intensities were also limited to 200 to 200 HU which biopsies liver
tissue only but removes extreme values of bone and air.
e The linear size was scaled into the range [0, 1]; prior to that the obtained
intensities were clipped.
Such normalization makes the intensity distributions consistent over all volumes and
during training it accelerates model convergence.
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Resampling and Resizing: For uniform anatomical representation spatial
normalization was necessary as there are variations in voxel spacing across scans,

e Before all volumes and masks were resampled to a uniform voxel spacing of
1.5 x 1.5 x 1.0 mm? the images were interpolated with trilinear and labels
nearest-neighbor interpolation.

e The books were positioned; this was required as RAS (Right-Anterior-
Superior) coordinate system was used to ensure that the books had consistent
anatomical positioning.

e Using a foreground cropping, a redundant step of background deleting was
done.

e Finally, down sampling of all the samples were done comprising a constant
spatial dimension of 128 x 128 x 64 voxels, for not only making compatible
three dimensional U-net but also have a fast and efficient batch processing
operation,

The above-mentioned steps not only standardize spatial resolution but also preserves
the critical anatomical structures.

Data Augmentation: In order to increase robustness and decrease over-fitting, during
training data augmentation was used. This increment adds live spatial differences and
resembles anatomical diversification at practice. The different transformations which
were used are as follows:

e Random rotations were used to handle the slight orientation differences
across scans

e Random flipping along spatial axes helped to enhance invariance to
anatomical symmetry

e Random scaling was for simulating variations in organ size and patient
anatomy

to ensure that there was similarity in space any augmentation had been done to the input
volumes as well as the masks.
3.3 Model Architecture

Description of the Chosen Architecture: This work uses a three dimensional U-Net
based CNN for liver segmentation in volumetric CT data. There are various advantages
of using a three dimensional U-Net particularly in case of medical image segmentation
works. The ability to capture the local as well as global context of a medical image
convolutions with the use of volumetric convolutions, the three dimensional U-Net
helps maintain a spatial resolution of the medical image by using skip connections.
The three dimensional U Net is able to learn intermediate slice dependencies as it uses
simpler inputs of the whole volume, compared to 2D ones, which are essential in
accurately locating organ boundaries in CT scans.

The implemented network is fully convolutional making it capable to accept arbitrary
input sizes and can give dense voxel-wise predictions.
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Encoder-Decoder Structure: A contracting path also known as encoder and an
expanding path known as decoder is the symmetric encoder—decoder architecture of the
network:

Encoder (Contracting Path)

e The encoder by applying three dimensional convolutions, batch normalization,
and non-linear activation functions gradually extracts high-level semantic
features .

e  The network learns abstract representations through reduced spatial resolution
using strided convolutions.

e The feature channel depth gets increased at each level, following the
configuration: 16 — 32 — 64 — 128 — 256 channels

The model is capable of capturing the fine-grained texture details as well as the global
anatomical context through hierarchical feature extraction.
Decoder (Expanding Path)

e The spatial resolution is restored by the use of up sampling operations
followed by convolutional layers.

e Low level spatial features are then concatenated with high level semantic
information using the skip connections between corresponding encoder and
decoder stages.

e An improvement in boundary localization accuracy is obtained through these
skip connections by mitigating information loss caused by down sampling.

A two-channel prediction map is obtained in the final layer outputs that represents
background and liver regions.

Loss Functions: In order to achieve accurate liver segmentation one requires
addressing class imbalance between background and foreground voxels. So far,

overlap-based loss functions were used.
Dice Loss: In this paper, Dice Loss [12] is the primary loss function and they directly

optimize Dice Similarity Coefficient (DSC) [11]. Dice Loss is particularly effective on
imbalanced segmentation problems, since it does not prioritize pixel-precision accuracy
but instead takes the overlap into consideration.

Dice Loss also skews the model to accurate boundary placement and increases the
performance on smaller anatomical objects.

Dice + Cross Entropy Loss: A hybrid of both Dice and Cross Entropy loss can be
employed in long trials. Whereas Dice Loss emphasizes coverage of regions, Cross-
Entropy Loss rewards misclassifications on a voxel-by-voxel basis, which results in a
smoother optimization in the beginning of training process. The hybrid loss uses the
effectiveness of both approaches to converge faster and provide a better segmentation
result.

3.4 MONAI Framework Implementation

MONALI Transforms and Pipelines: The whole preprocess and data loadable pipeline
has been created using MONAI[18] which is specially used in deep learning of medical



Al-Driven 3D Liver Segmentation Using Deep Learning and MONAI 19

imaging. MONAI provides domain optimized transforms, data management, and
integration with PyTorch.
A sequence of MONAI dictionary-based transforms was compiled to form the
preprocessing pipeline so that there is synchronization between images and masks
operation. The key transforms include:

e LoadImaged for loading volumetric CT images and labels in NIfTI format

e EnsureChannelFirstD to enforce channel-first tensor format

e Spacingd to resample large volume to a uniform voxel spacing of 1.5 * 1.5 *

1.0 mm?

e Orientationd to standardize all scans to the RAS coordinate system

e ScalelntensityRanged for intensity clipping and normalization

e CropForegroundd to remove irrelevant background regions

e Resized to enforce a fixed spatial size of 128 x 128 x 64

e ToTensord to convert data into PyTorch tensors
In order to accelerate the training process, application of Cache Dataset was applied to
load processed samples in memory, which significantly reduced overhead of loading
data per epoch.

Training Workflow: Developed the training workflow using network modules of
MONALI and PyTorch. T was able to train a three dimensional U-Net using a fully-
supervised approach, in which paired CT volumes and their segmentation masks were
fed into the network.

The training procedure follows these steps:

). Data Loading: Preprocessed training and testing datasets are loaded using
MONAI Datal oader function with batch size of 1 due to constraints of memory
associated with 3D volumes.

ii). Forward Pass: Input volumes are passed through the three dimensional U-
Network to generate segmentation predictions based on voxel.

iii). Loss Computation: Dice Loss is computed between predicted outputs and ground
truth masks to address class imbalance [19].

iv). Backpropagation: Gradients are computed and propagated backward through the
network.

v). Optimization: Model parameters are being updated using the Adam optimizer
with weight decay and AMSGrad enabled.

vi). Evaluation: After each epoch, the model is then evaluated based on the test data
set using the Dice Similarity Coefficient.
vii). Checkpointing: The model which achieves the best Dice score on the test set is
saved for final evaluation.
This pipeline ensures the conversion of the training process is gradual, consistent, and
allows me to determine the performance objectively.
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Hardware and Software Environment

All experiments were conducted in a GPU-accelerated environment to handle the
computational demands of three dimensional convolutional networks.
Table 1: Hardware Configuration

Component Minimum Specification Recommended Specification
Processor Intel i5 / AMD Ryzen 5 (Quad- | Intel i7/ AMD Ryzen 7 (Hexa-
Core) Core)

RAM 8 GB 16 GB or Higher

Storage 120 GB free space (HDD) SSD with 100 GB Free Space

GPU Optional (for CUDA NVIDIA GPU >4 GB VRAM

acceleration)

Internet High-Speed Recommended High-Speed Recommended

Table 2: Software Stack
Software Component Version / Description

Operating System Windows 10 / Linux / macOS

Programming Language Python 3.8 — 3.10 (Recommended for MONAI &
PyTorch compatibility)

Frameworks PyTorch (Deep Learning Backend), MONAI
(Medical Imaging Framework)

Libraries NumPy, Matplotlib, glob2, tqdm, nibabel,
dicom?2nifti, pytest-shutil

Additional MONAI monai.transforms, monai.losses, monai.networks

Modules

Database Not Applicable (File-based NIfTI dataset used
instead of database system)

Deployment Tools Local execution (No deployment environment
configured)

3.5 Training Configuration

Optimizer and Learning Rate: Adam was chosen because it is more preferable than
dense updates and gradient noise. Adam is a combination of momentum and adaptive
rate methods for stable convergence. Since 3D CT volumes take up a lot of memory,
therefore choose a batch size of 1 to make sure that volumes can be fed into the system
without crashing the GPU.
The optimizer was configured with the following parameters:

e Learning rate: 1*/07°

e Weight decay: 1*/07°

e AMSGrad: Enabled for improved convergence stability
A low learning rate was intentionally selected due to the complexity of three
dimensional volumetric data and to prevent unstable updates during training.
Batch Size and Epochs: Since three dimensional CT scans consume a large amount of
memory, the training was performed on the batch size of 1, which made it possible for
the model to operate on complete volumes without exhausting the GPU memory.
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The model made use of 600 epochs of training in order to make sure the network had
lenticular jumps to converge, besides learning the proper volumetric attributes. In order
to track the learning process, then monitor the accuracy of the loss and segmentation
per epoch.
The adaptive nature of the behavior kept the gradient stable during the training, even
with a small batch of Adam.
Validation Strategy: Each time after the end of an epoch, testing on a new set was
carried out. It helped to track generalization and visually detect any signs of over-fitting
at an early stage. The crucial metric for validating the model was the Dice similarity
Coefficient. Then, it was saved as the checkpoint that achieved the best dice on the
validation dataset.
Key characteristics of the validation strategy include:

e Patient-level separation between training and validation data

e No data leakage between subsets

e  Checkpoint selection based on maximum validation Dice score
This validation approach ensures an unbiased assessment of segmentation performance
and supports reliable model selection.

4. Experimental Results

Using a three dimensional U- Net, which is a variant of CNN that's made to perform
biomedical volumetric segmentation. A U Net, unlike the ResNet style classifiers, does
not produce a single label, but instead produces a segmentation map with the same size
as the input image.

4.1 Metrics used for Evaluation

For the evaluation of segmentation accuracy and boundary precision, three widely used
metrics were employed[13].

i) Dice Similarity Coefficient (DSC):
The Dice Similarity Coefficient (DSC) is used to measure the overlapping between the
predicted segmentation of the liver P and the actual ground truth G. It is defined as:

__ 2|Png|
DSC = PGl )

DSC values ranges from 0 to 1, higher values indicate better segmentation performance.
Dice is very effective for medical image segmentation tasks with class imbalance.

ii) Loss Function:
DiceCELoss The project uses a composite loss function provided by MONAL:
Lrotar = Lpice + Lck (2)
Dice Loss (LDice):
N as
Lpiee = 1 = groioLRote 3)

SN, pitIN, gite

Here, p; represents the predicted probability for voxel i, g; €{0,1}is the ground truth
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label, and € is a smooth term to prevent division by zero. This loss directly optimizes
the overlap metric and can handle class imbalance easily, where the input of a layer is
added to its output through an identity skip connection.

Cross Entropy Loss (LCE):
1
Leg=—2X1 Zéoi giclog (pic) )

This penalizes the pixel-wise classification error. Adding it to Dice loss helps stabilize
gradients during the early phases of training.
Modifications Performed
o Residual Units: Standard U Net blocks were replaced with residual blocks.
This then implements the concept of ResNet, where input of a layer is added
to its output (y = f{x) + x), facilitating gradient flow through deep networks.
Anisotropic Handling: The preprocessing pipeline strictly enforces isotropic
resampling (1.5 mm? isotropic voxel spacing). This modification is crucial because raw
medical data is often anisotropic (e.g., high resolution in X-Y plane, low resolution in
Z axis). Treating anisotropic data as isotropic without resampling causes the three
dimensional convolution kernels to learn distorted features.

Train Dice Loss Train Dice Metric
055
0.50 4 0.70
0.45 065
0.40 0.60
035 0.55
030 0.50
0.45
0 20 40 60 80 100 0 20 40 60 80 100
Epoch Epoch
Test Dice Loss Test Dice Metric
0.50 0.60
0.45 055
0.40 050
0 20 40 60 80 100 0 20 40 60 80 100
Epoch Epoch

Figure 1. Training and Testing Dice Loss and Dice Metric Curves

4.2 Quantitative Results

Performance Comparison
Table 3 presents a quantitative performance for the proposed method in terms of Dice,

IoU, and Hausdorff Distance.
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Table 3 Quantitative Performance of Liver Segmentation Model

Method Dice IoU 1 Hausdorff

(DSC) 1 Distance
(mm) |

Baseline 2D U Net 0.90 0.82 18.6

3D U Net (without preprocessing) | 0.93 0.87 14.2

Proposed MONAI 3D U Net 0.96 0.92 9.8

Recent SOTA(e.g., 3D-DCNN | ~0.95-0.96 | ~0.91-0.93 ~0.43-0.86

[21]/nnU Net 3D [23]

The proposed approach outperforms baseline methods across all evaluation metrics,
demonstrating improved volumetric consistency and boundary accuracy.
4.3 Qualitative Results

Visualization of Segmented Liver Masks: Qualitative evaluation was conducted by
visualizing segmentation results on representative CT slices. Figure 2 illustrates the
comparison between input CT images, ground truth annotations, and model predictions.

label 31 output 31

image 31

0

100 100 100

120 120 120

80 100 120 0 20 20 &0 80 100 120 0 20 20 60 80 100 120

Figure 2. Qualitative Visualization of Liver Segmentation: Input CT Image, Ground Truth, and
Model Prediction.

Ground Truth vs Predicted Outputs: The predicted masks line up really well with
the ground - truth liver contours in all parts. The model gets the shape, size and borders
of the liver spot on - even in low contrast spots.

Some find really small inconsistencies were found at tricky boundaries, but the general

spatial consistency/ anatomy were on the mark.

5. Discussion

In this chapter, the experimental results will be described, the advantages of the
suggested methodology will be highlighted, the impact of the MONAI framework will
be discussed, and the limitations of this work will be pointed out.

5.1 Interpretation of Results

The results show that the dice score and IoU values are very high, indicating large
overlapping, whereas the Hausdorff Distance is quite low, denoting accurate boundary
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definition in the segmentation of the liver using 3D U-net from the CT scan images.
The improvement in the training phase seems to indicate that the learning process has
occurred properly. This is evident from the results of visualization, where there are
masks that have a similar appearance.

Bottom line, the results are solid-proving volumetric deep learning is a good choice of
organ segmentation in the medical imaging business[20].

5.2 Strengths of the Proposed Approach

The proposed method offers several notable advantages:

e  Volumetric context learning: Three dimensional convolutions at the network
allow it to capture the relationships across the slices, which are needed to have
the liver edges of the liver.

e Robust Preprocessing Pipeline: Standardized intensity normalization and
spatial resampling reduce inter-scan variability.

e Dice-based Optimization: Dice loss is a great way to handle the liver vs.
background imbalance: Dice based optimisation.

e  Skip Connections: Encoder—decoder skip connections preserve spatial details
and improve segmentation precision.

These strengths collectively contribute to improved segmentation performance
compared to simpler 2D or non-volumetric approaches.
5.3 Impact of MONAI on Training Efficiency and Reproducibility

The role of the MONALI framework was pivotal in making the process of building the
models easy and enhancing experiment reliability.

MONALI provides specialized transformers for medical images that can help in building
the preprocessing pipelines quickly. Functions like CacheDataset make the process of
loading data faster and more efficient.

In addition, the utilities in MONALI are deterministic in nature and ensure experiment
reproducibility by controlling random elements in data loading and training.

5.4 Comparison with Existing Literature

In comparison with current ancestral methods like thresholding or atlas methods, my
deep notification algorithm is somewhat better. The three dimensional U Net shows
more snappy volume consistency and tighter boundaries in contrast to past 2D CNN
Liver segmentations [16].

My Dice scores are at least equal to the current deep learning research of the liver. This
means that it is very effective to use volumetric nets combined with Dice Loss and
standard preprocessing.

Although contemporary designs for 2024-2025, such as Swin- UNETR or U-Mamba,
show remarkable results on the LiTS benchmark[23], their architecture is rather
complex. The novel MONALI three dimensional U Net architecture we developed has
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achieved impressive Dice score results (0.96) and outperformed recently introduced
designs of the three dimensional- DCNNSs [21] and hybrid transformers[22].
5.5 Limitations

Despite promising results from the research, there are several limitations that’s needs
to be addressed:
e Dataset Size: It is difficult to say how generalizable this algorithm can be with
just a handful of annotated CT volumes.
e  Generalization: the accuracy might fall on scans with other scanners/protocols
which we haven't seen before.
e  Computational Cost: 3-D convolution networks are quite expensive - they do
require the best GPUs, and time-consuming training.
e Batch Size Constraint: The use of batch size 1 may sometimes lead to noise in
the gradient updates and slower convergence.
These limitations can be overcome by larger multi-center data sets, cool tricks of
augmentation by cooling, and more computer power.

6. Conclusion

The general aim of the paper was to create a precise and consistent three dimensional
deep learning model to generate segments of the liver in CT abdominal scans. Our
preprocessing pipeline was built based on MONALI and a three dimensional U Net to
divide the liver.

Summary of Objectives and Key Findings
The preprocessing process is standardized using techniques that account for inter-scan

variance via intensity normalization, resampling, and resizing.
The major findings of this research can be concluded as following:
e A standardized preprocessing pipeline successfully reduced inter-scan
variability through intensity normalization, spatial resampling, and resizing.
e  The three dimensional U Net takes the 3-D surroundings and provides accurate
liver boundaries.
e The dice loss function effectively addresses class imbalance while improving
the overlap between the predicted segmentation and the ground-truth masks.
e Dice, IoU, Hausdorff distance perform well in numbers and we also support
this result using visual analysis.
On the whole, the results of the experiments prove that the suggested technique works
well in 3D liver segmentation from CT images.

Practical Relevance to Clinical Applications
Knowledge is key in procedures related to the liver and segmentation of the organ for

pre-surgical planning, evaluation of volumes, tumor localization, and therapy. An
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automated framework will minimize the time used for manual editing of the analysis
process and decrease inter-rater variation.

The algorithm has the possibility of being of great value to radiology and computer-
assisted diagnosis and decision making involving the liver because of the use of three-
dimensional information and improved pre-processing.

7. Future Work

Although the outcomes are encouraging, we can always find ways of enhancing the
system.

Extension to Multi-Organ Segmentation: The algorithm can further be used to
subdivide other organs such as the spleen, kidney, brain [14], and pancreas allowing a
thorough abdomen assessment.

Integration with Transformer-Based Models[5]: Models based on transformers are
getting more used in the training of global context in medical images. A combination
of convolutional networks and transformers or attention mechanisms would increase
the accuracy in some cases.

Clinical Green Lighting and Real-Time Usage: To be practical in real life, large
multi-center data will be required in the future studies to verify strength. Additionally,
the model should be made less memory-intensive and make the process faster, which
will allow deploying it in hospitals in real-time, such as part of the PACS or intra-
orange imaging systems.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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