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ABSTRACT

In this study, we compared manual and automated segmentation algorithms in Computed
Tomography (CT) imaging of the liver. Segmentation is the delineation of anatomical structures
on a CT/MRI image for treatment and dose planning purposes. Accuracy in the segmentation of
organs in CT imaging is a critical step in diagnosis and therapy planning. Normally, manual
segmentation performed by trained practitioners is the gold standard for the delineation of these
anatomical structures. However, manual segmentation is time-consuming, subject to inter-
observer differences, and also needs a level of expertise (Lee et al., 2024). Automated
segmentation on the other hand, is a potential solution to the problems faced due to manual
segmentation, despite this development, there is still an ongoing debate questioning the accuracy
and reliability of automated segmentation due to little knowledge about its capabilities (Raudaschl
et al., 2017). The main objectives of this study are to compare the accuracy and segmentation time
of manual and automated segmentation, also to assess the inter-observer variability between 10
different observers. This study was carried out at the University of Benin Teaching Hospital
(UBTH) using an anonymized CT dataset segmented manually using 3D-slicer and automatically
using TotalSegmentator. A quantitative analysis of 100 segmentation masks produced by the
segmentation of 10 anonymized CT images of patients by 10 observers (radiographers and
radiotherapists) was conducted to evaluate the accuracy, time efficiency of automated algorithms
and inter-observer variability of manual segmentation. The accuracy of automated segmentation
was measured using the mean Dice Similarity Coefficient value, speed of both types of
segmentation compared was measured using time and the inter-observer variability was measured
using the Inter Class Correlation and Fleiss’ Kappa. The results obtained indicates that automated

segmentation is as accurate as manual segmentation with a mean DSC value of 0.85+0.03 and also
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more time efficient with a 65% decrease in the segmentation time per image. This study also shows
that the manual segmentations done by different observers are not far off from each other proving
how reproducible it is. The Inter Class Correlation and Fleiss' Kappa was used to determine this
with their score being 0.720 and 0.683 respectively. This indicates a moderate to strong agreement
between segmentation done by different observers and if there is a strong agreement, the variability
will be minimal. The DSC gotten is also greater than 0.7, giving a confirmation of how accurate
automated segmentation is. From the results above, it was concluded that automated segmentation
is as accurate and faster than manual segmentation. It was also concluded that there are minimal
differences between segmentations done by different observers. A wide clinical adoption, Training
of radiographers, educational inclusion and further research is recommended to increase the

awareness and integration of automated segmentation in various clinical systems.

Keywords: Computed tomography, Segmentation, Dice Similarity Coefficient, Time efficiency,

Inter-observer variability, Observers, Accuracy.
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CHAPTER ONE

INTRODUCTION

1.1 BACKGROUND OF STUDY

The liver is a very vital organ in the human body. It performs crucial tasks and therefore identifying
liver pathologies and making good therapeutic plans for these pathologies are critical. Nearly
25,000 Americans are killed by liver diseases annually (Zareei & Karimi, 2016). About 600,000
to 900,000 global deaths is caused by liver cancer annually. Liver related death is eleventh on the
leaderboard of causes of death and liver cirrhosis is number ten on the leading causes of death in

Africa today (Devarbhavi et al., 2023).

Computed-Tomography is an imaging modality with uses ionizing radiation to acquire images of
the internal structures of the body in form of slices. These slices are then reconstructed to give a
3-dimensional representation of these structures. A major component of Ct imaging is
segmentation and it involves marking out specific Regions of Interest (ROI) such as visceras and
pathological regions. Traditionally, segmentations are done by radiologist manually, offering great

precision it can be time consuming and stressful (Lenchik et al., 2019).

A variety of organ segmentation techniques can be used to identify the livers main position and

also possible liver tumors (Zareei & Karimi, 2016). These techniques are: Manual segmentation,



semi-automated segmentation and automated segmentation. Our main focus is on manual and

automated segmentation.

Segmentation in general means the process of dividing, but in medical imaging it involves dividing
an image into parts so that organs withing these different parts can be identified and isolated for

individual analysis (Shen, 2022).

Manual segmentation being the “gold standard” is used to identify and isolate region of interests
in CT images. Though it is done by trained personnels, there are inter-observer variabilities (Lee

et al., 2024). It is also time consuming, hence making it inefficient (Fel et al., 2023).

Automatic segmentation on the other hand is way easy and efficient. It is also time efficient with
little to no variability. It is a segmentation technique created by training algorithms with already
manually segmented images (Milara et al., 2024). This training is known as deep learning. Semi-
automated segmentation combines both manual and automated techniques to help identify and

isolate these structures.

Some studies comparing the efficiency of manual and automated segmentation methods has been
done. Some of which are: manual versus artificial intelligence-based segmentations as a pre-
processing step in whole-body PET dosimetry calculations which indicated that Al-based methods
could achieve effective dose estimations within a 2% margin of manual methods (Van Sluis et al.,

2022).



Despite these developments, there are still some challenges. Automated segmentation may still
have some difficulties with complex anatomical variations or pathologies, which gives rise to the
necessity of refinement and validation. Even with these struggles, integration of automated
segmentation into the healthcare systems and clinical workflow can help boost efficiency and
reduce the work load on trained health-care practitioners, fast-tracking patient care and improving

their outcome.

1.2 STATEMENT OF PROBLEM

Accuracy in the segmentation of organs in CT imaging is a critical step in diagnosis and therapy
planning. Normally, manual segmentation performed by trained practitioners is the gold standard
for the delineation of these anatomical structures. However, manual segmentation is time-
consuming, subject to inter-observer differences, and also needs a level of expertise (Lee et al.,
2024). Automated segmentation on the other hand, is a potential solution to the problems faced
due to manual segmentation. These solutions include: enhanced efficiency, reduced human error
and reproducibility (exact or almost an exact replica) of segmented images for example, a deep-
learning algorithm for CT liver and hepatic vessel segmentation (Li et al., 2024) achieved a DSC
of 0.98 for the liver and 0.86—0.94 for vessels. Similarly, an MRI-based liver segmentation study
done by Han et al., 2022 achieved a DSC of approximately 0.92 and reduced segmentation time
from 26 minutes to 8 seconds. Despite the high accuracy and efficiency of automated segmentation
algorithms, there is still a notable research gap which is that very few studies have been carried
out in Nigeria or Africa to evaluate how well these automated segmentations perform on local CT
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datasets. Currently, most literatures are based on data from Europe, Asia and North America. In
these regions’ patient characteristics, imaging protocols and pathological patterns differ from those
in Africa. As a result, it remains a question as to how automated segmentation will perform

compared to manual segmentation in a Nigerian Clinical setting and real-world practice.

1.3 RESEARCH QUESTIONS

e How accurate is automated liver segmentation compared to manual segmentation?
e How variable is manual liver segmentation among observers?

e How much faster is automated liver segmentation than manual segmentation?

1.4 HYPOTHESIS

Ho (Null Hypothesis):

There is no significant difference between the accuracy of automated segmentation algorithms and

manual segmentation in CT imaging.

H: (Alternative Hypothesis):

There is a significant difference between the accuracy of automated segmentation algorithms and

manual segmentation in CT imaging.

Ho (Null Hypothesis):



There is no significant difference in the time taken to perform liver segmentation using automated

methods compared to manual segmentation.

H: (Alternative Hypothesis):

Automated liver segmentation significantly reduces the time required to perform liver

segmentation compared to manual segmentation.

Ho (Null Hypothesis):

There is no significant difference between liver segmentation results produced by two different

manual observers.

H: (Alternative Hypothesis):

There is a significant difference in liver segmentation results between two different manual

observers, indicating notable inter-observer variability.

1.5 AIMS AND OBJECTIVES OF STUDY

Aim:

To compare the efficiency, accuracy, overlap and reproducibility between manual and automated

segmentation algorithms in CT imaging.

Objectives:



e To evaluate the accuracy of automated segmentation relative to manual segmentation
(ground truth).

e To assess the inter-observer variability in liver segmentation between ten different
observers.

e To measure and compare the time of segmentation of the liver using automated and manual

segmentation.

1.6 SIGNIFICANCE OF STUDY

e Improved Clinical Efficiency.

This study will show how well automated liver segmentation can help reduce the time spent on
manual segmentation, ultimately boosting the overall efficiency of clinical workflows. Faster
segmentation leads to quicker diagnosis and treatment planning, benefiting patients in time-

sensitive or emergency situations.

e Minimizing Inter-Observer Variability

This study is going to assess how different manual observers may produce varied liver
segmentations, highlighting the extent of inter-observer variability. Understanding this is very
critical in standardizing segmentation practices and could promote greater consistency in clinical

interpretations across different healthcare professionals.



e Cost Effectiveness

Automated segmentation may reduce the need for labor in terms of manual segmentation of
structures. Due to this development, the cost of segmentation reduced due to the reduced use of
trained practitioners in the segmentation of anatomical structures. This study is going to highlight

how effective segmentation is without the need of manual labour.

e Support For Artificial Intelligence Adoption In Radiography

This study will contribute massively to the growing body of evidence which supports the
integration of Al-driven tools in medical imaging. The findings will encourage the adoption of
automated systems, which can assist radiologists and radiographers in achieving better outcomes

with enhanced precision and efficiency.

e Importance In Radio-Therapy

By producing accurate and reproducible liver segmentation, automated segmentation can help
optimize the distribution of radiation dose to the tumor while sparing critical organs e.g. kidneys,
stomach. This results in better treatment outcomes by improving tumor control while minimizing

the risk of radiation-induced toxicity to surrounding tissues.



1.7 SCOPE OF THE STUDY

This study is a comparative study between manual and automated segmentation algorithms used
in Computed Tomography imaging. The primary objective of this study is to assess the accuracy,
time-efficiency and reproducibility of automated segmentation of the liver relative to its manual
counterpart using the Dice Similarity Co-efficient, times of both segmentation and inter-observer
variability. Suggestion: Manual segmentation is done manually by trained practitioners
(radiographers, radiologists) using the 3D slicer software while automated segmentation is done
with a deep-learning based model known as TotalSegmentator, using a cloud based CPU or GPU,
Google colab. The research is done using Computed Tomography imaging dataset gotten from the
University of Benin Teaching Hospital (UBTH) Radiology department. This study will not include
any other imaging modality such as Magnetic Resonance Imaging and Positron Emission
Tomography. The results of this study aim to shed light on how accurate and reliable automated

segmentation is in comparison to manual segmentation.

1.8 OPERATIONAL DEFINITION OF TERMS

Segmentation: This is the process of dividing a medical image such as CT, MRI, PET into regions
of interest, identifying anatomical structures within these regions, delineating these structures for

individual analysis.



Computed Tomography: This is a medical imaging modality that uses ionizing radiation to view
the internal structures of the body in form of slices. These slices are then reconstructed to give a
3-dimensional image of the structures. X-rays are taken from different angles to produce these

slices.

Mask: This is a labeled image that highlights a specific region of interest within a scan. Each pixel

or voxel indicates whether it belongs to a particular structure or not.

ROI (Region Of Interest): This is a specific area within an image focused on for analysis.

Manual Segmentation: This is a segmentation technique that involves human expertise in
delineating structures for individual analysis. The expert delineates these structures slice by slice

which is time consuming. It is considered the gold standard due to its accuracy.

Automated Segmentation: This segmentation technique uses deep learning to identify and

delineate these structures without human input.

Semi-Automated Segmentation: This combines algorithms with user guidance to segment

structures.

DSC (Dice Similarity Co-efficient): This is a statistical measure used to compare the similarity

between 2 datasets (in our case segmentation masks).



Python: This is a high-level programming language widely used in medical imaging for data

analysis, visualization and machine learning.

Deep Learning: The process by which an algorithm is trained to perform certain tasks. In our case
trained with already manually segmented images to help in the automated segmentation of

structures.

Slices: These are 2-dimensional cross-sectional images obtained from CT scans. They are stacked

together to form 3-dimensional volumes which can be analyzed in detail.
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CHAPTER TWO

LITERATURE REVIEW

2.1 CONCEPTUAL REVIEW

Anatomy of the liver

For accurate segmentation of the liver, we need to know about its normal anatomy. Located in the
upper abdomen the liver is the biggest and weightiest viscera in the body. It extends from the right
hypochondrial to some part of the left hypochondrial region of the abdomen and is guarded by the
lower ribs (Bazira, 2023). It is located majorly at the right upper quadrant of the abdomen and
extends to the left upper quadrant. It is very essential such that it plays vital roles in the normal
function of the body system. Some of these functions are: nutrient breakdown, energy storage,
reduction of toxic drug effects (Mohajan, 2025). The liver has a weight of about (1,400 - 1,800)g
which is about 2-3% of the total body weight and has a smooth surface. It is divided into 2 lobes
by the falciform ligament. These are the right and left lobes of the liver. The right lobe of the liver
is further divided into 2 parts: the caudate lobe and the lobe quadratus. These 2 lobes are divided
by the hilar fissure which is transverse in orientation. This transverse hilar fissure is where the

portal hepatis enters the liver (Sumadewi, 2023).

Although the liver performs a variety of functions, alcohol consumption, hepatitis, obesity and

diabetes are huge risk factors of liver cancer (Aragjo et al., 2021).
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Radiographical representation of the liver in CT images

The liver is a very important organ in the human body and has several functions. Considering this,
several radiographic modalities invented has been put into practice when assessing the structure
and functions of the liver. Such modalities are: Computes Tomography (CT) , Magnetic Resonance
Imaging (MRI), Positron Emission Tomography (PET), PET-CT combination and Ultra sound.
For tumor visualization, CT is the best while to soft tissue contrast visualization, MRI is superior.
CT is the most preferred and traditionally used due to the fact that : a) It has a higher spatial
resolution when compared to other modalities. b) Faster than MRI and PET-CT (Moghbel et al.,

2017).

Traditionally CT involves acquiring 2d images in form of slices which represents tissues gotten
consecutively in one of the 3 standard anatomical planes: coronal, sagittal or axial. Any of the
structures in these slices can be marked (ROI) and then stacked on each other to form a 3-
dimensional representation of the structure marked out (Delmoral & Tavares, 2024). The liver has
intermediate soft tissue homogenous density with a Hounsfield unit of about 50 -70. It is denser

than fat but less dense that bone and metals.

Segmentation and its types

Segmentation is the partitioning or division of an image into different regions and then identifying
anatomical structures within these regions and delineating them for analysis (Wang et al., 2021).
These structures are then analyzed specifically, if possible reconstructed into a 3-dimensional
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representation. Liver segmentation is a very important step in cancer diagnosis and treatment
planning. Proper delineation and accurate identification of organs such as the liver aids in the
medical assessment of the benefits and risks involved in interventional procedures (Aratjo et al.,

2021).

Source: Delmoral & Tavares, 2024

Fig 2.1 Abdominal CT image, with a reconstructed liver. (a) All anatomical planes of the
body. (b) An axial slice of an abdominal CT scan. (¢) A coronal slice of an abdominal CT
scan. (d) A sagittal slice of an abdominal CT scan. (e¢) Multiple coronal slices of an abdominal
CT scan. (f) A 3-dimensional representation of a liver, reconstructed from the slices of a CT

scan.

There are majorly 3 types of segmentation: Manual, semi-automated and automated segmentation.
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Manual Segmentation

This is known as the “gold standard” of segmentation. It is done by trained individuals manually,
without the aid of a computer program (Vinayahalingam et al., 2023). Although being the gold
standard, manual segmentation has its drawbacks or limitations. These limitations can be: inter-
observer variability, poor efficiency, cost, time inefficiency and stress to the individual

segmenting.

Automated Segmentation

This type of segmentation uses algorithms and deep learning techniques to segment anatomical
structures automatically with little to no manual input. Unlike manual segmentation, it is more
efficient and saves time but it needs high computing power and is a difficult task, especially when

dealing with heterogeneous tumors (Dionisio et al., 2020).

Semi-automated Segmentation

This type of segmentation combines both manual and automated segmentation by using both
manual input and automatic algorithms in segmentation of anatomical structures. A good example
is seeding and thresholding. Software algorithms are used to process data provided manually, these
algorithms create a label which allow individuals edit the output from the algorithm. (Dionisio et

al., 2020).
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Semantic segmentation of liver structures in CT images

In liver segmentation, the main objective is to assign semantic labels (names given to each region
segmented e.g. the tumor, liver, vessels and background) to the pixels in the structures segmented

or to the input image as a whole (Delmoral & Tavares, 2024).

Making computers fully able to automatically identify and separate parts of the liver in medical
images is still very hard. The big challenge is making these methods work well on all kinds of
images, not just the ones they were trained on (He et al., 2021). Big breakthroughs in segmentation
algorithms have only happened recently, mostly in the last five years thanks to the rise of neural

networks, especially deep learning.

Use of Totalsegmentator in automated tumor segmentation

Totalsegmentator is an artificial intelligence-based tool used for the automated segmentation of
structures in an MRI or CT image. This tool comes pre-trained on some specific segmentation
softwares. Some of these segmentation softwares are: 3D slicer and MITK. Totalsegmentator is a
pretrained artificial intelligence tool in the sense that it has already been trained by high quality
segmented masks from different datasets. Due to this training and learning from these masks, it is
able to automatically segment various anatomical structures in CT and MRI imaging. It is a deep
learning model based on Convolutional neural network and U-Net architecture (Wasserthal et al.,

2023).
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Table 2.1 Differences between manual and automated segmentation

Manual Segmentation

Automate Segmentation

Done by trained professionals (radiologists, | Done by algorithms
radiographers)

Time consuming Faster

Less consistent due to inter-observer | Reproducible
variability

Less efficient in segmentation of many
structures

Highly efficient, especially when segmenting
alot of structures.

Uses tools like brush, fill, grow from seed,
ROI tracing, region-growing etc.

Uses Al/ deep learning based tools like
Totalsegmentator, MONALI label, etc.

Requires prior knowledge or experience.

Beginner friendly.

Very easy to setup.

Might be difficult to setup.

Clinical applications of segmentation

Liver Tumor

Hepatocellular carcinoma is cancer of the liver cells (hepatocytes), it is number one on the list of

primary liver cancer and number five on the list of the most common tumors in the world (Okada

etal., 2024). Hepatocellular carcinoma (HCC) develops in a complex way because it can be caused

by many different things and influenced by several risk factors. Scientists still don’t fully

understand how it forms at the molecular level.
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Fig 2.2 A 3-dimensional representation of segmented structures.

HCC is a cancer that can result from various types of long-term liver damage, with viral hepatitis
being the most common cause. No matter what starts the damage, the liver goes through a repeated
cycle of injury and repair, which eventually leads to genetic changes in the cells. These changes
are what lead to cancer (Dhanasekaran et al., 2016). CT scans are now commonly used to detect
HCC (liver cancer) and help plan treatment. To do this, doctors use a special type of CT called

dynamic CT, where a contrast dye (iodine) is injected into the bloodstream.

The scan is done in four phases:
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. Unenhanced phase (before contrast)
. Arterial phase

. Portal venous phase

. Equilibrium phase

. Using all four phases helps doctors accurately identify HCC.

The arterial phase is split into early and late arterial phases. This helps doctors clearly see the blood

vessels in the liver before surgery (Okada et al., 2024).

Segmentation is very important in detecting and measuring tumor size, assessment of the tumor

growth and also guide surgery or radiotherapy planning.

Liver hemangiomas

Hepatic hemangiomas are the most frequently occurring benign tumors of the liver. These lesions
consist of abnormally formed, slow-moving venous channels and are found in up to one-fifth of
individuals, though some studies report much lower rates (Sadick et al., 2018; Kacata et al., 2024).
These tumors mainly consist of cells lining blood vessels, and they usually come from branches

of the hepatic artery (Li et al., 2015)

Thanks to improved imaging techniques, hepatic hemangiomas are now found more often. When
they are small or medium-sized (less than 4 cm), they usually don’t cause symptoms and are simply

monitored without treatment (Kacala et al., 2024).
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Segmentation can be used to differentiate between cystic and solid lesions (hemangiomas).

Liver Transplant

Liver transplantation is a proven treatment for severe liver damage that can’t be reversed.
However, many problems can arise shortly after or long after the surgery, and these can lead to
serious illness or even death (Rastogi, 2022). The severely damaged liver is replaced with another
liver in good condition. Some common liver pathologies that call for liver transplant are: Chronic
liver diseases, Liver cancer, Acute liver failure. The new liver is gotten from a deceased donor or
a living person willing to donate a part of his or her full liver (Olthoff et al., 2015). This possible
due to the fact that the liver tissue has the ability to regenerate/ regrow enabling both livers in the

donor and recipient recover its full size.

Segmentation has a huge role in liver transplant, this importance can be seen in:

Donor Evaluation (Living Donor Transplant)

The liver is delineated into segments based on the Couinaud system, which identifies eight distinct
segments.

Surgeons utilize this segmentation to determine which segment(s) or lobe can be safely excised
without jeopardizing the donor's health.

Precise segmentation is crucial for calculating the graft volume, ensuring it is sufficiently large for

the recipient while remaining safe for the donor's survival.
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Graft Volume Calculation

e Segmentation enables accurate evaluation of the future liver remnant (FLR) as well as the
transplanted graft.
e Itaids in preventing complications such as:
o Small-for-size syndrome (when the graft is too small for the recipient)

o Donor liver failure (occurs if excessive liver tissue is removed)

Surgical Planning

e Surgeons utilize liver segmentation maps to:
o Strategize resection lines (indicating where to make cuts)
o Prevent injury to major vessels (such as hepatic veins or portal branches)

o Ensure sufficient bile drainage and vascular supply following a transplant.

Postoperative Monitoring

o Following a transplant, segmentation plays a crucial role in:
o Tracking the growth of the transplanted segment, particularly in cases involving living
donors
o Detecting localized complications such as rejection, infarcts, or biliary leaks by identifying

which segment is impacted.

(Oh et al., 2024).

20



Evaluation metrics for liver segmentation

These metrics are used to compare between manual and automated segmentation algorithms. They

arc:

e Dice Similarity Coefficient (DSC)

This tells / measures how similar two segmentation masks are. Automated and manual
segmentation masks are usually the focus point for this measurement. It is the most popular metric
used in segmentation comparison and has a value between 0 and 1. The higher the value the more
similar both segmentation masks are. Automated segmentation masks are compared with manual
segmentation masks, this is due to the fact that manual segmentation is the “gold standard”. A
value of 0 tell us that there is no overlap or similarity between the two masks and a value of 1 tell
us that both masks are a perfect match (Dreizin et al., 2019). The DSC value can be gotten using

a DSC formula or by using a python code.

DSC=(2|A N BJ))/(|A| + |B))

Where:

A = predicted segmentation

B = ground truth segmentation
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Though this formula can be used, using a python code to calculate the DSC value is way faster and
easier. This is an example of a code used to calculate the DSC value of two segmentation masks

of the liver.

hmport nibabel as nib
import numpy as np

def dice coefficient(maskl, mask2):
maskl = maskl.astype(bool)
mask2 = mask2.astype(bool)

intersection = np.logical_and(maskl, mask2).sum()
return 2. * intersection / (maskl.sum() + mask2.sum())

# Load the segmentations
manual_nii = nib.load( 'manual_seg.nii")

auto_nii = nib.load( auto_seg.nii’)

manual_mask = manual nii.get fdata()
auto _mask = auto nii.get fdata()

# Optional: binarize if wvalues are not strictly 8 or 1
manual mask = manual mask > 8
auto_mask = auto_mask > @

# Compute DSC
dsc = dice_coefficient(manual_mask, auto_mask)
print{f 'Dice Similarity Coefficient: {dsc:.4f}")

Fig 3. Python code used for calculating the DSC value of an automatically segmented liver.

e Processing Time.

This is the total time it takes to create a segmentation mask or the total time it takes to segment
a particular structure. This particular metric is crucial when dealing with trauma patients or

patients who are on transplant planning.
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Processing time is shorter in automated segmentation. This can be measured using a stop watch in

manual segmentation or directly from the segmentation software used for automated segmentation.

On an average it takes an individual 15 -30 mins to segment manually and 30 seconds -3 minutes

to segment automatically. (Celik et al., 2023).

2.2 EMPERICAL REVIEW

When evaluating segmentation techniques for liver CT imaging, it is necessary to look into other
studies that provide measurable data on performance, efficiency and clinical relevance. This
section presents review of selected peer-reviewed studies which compares manual and automated
segmentation algorithms using standard metrics such as: The Dice similarity coefficient,
segmentation time and reproducibility. These studies tell us how each method performs in practice,
highlighting their strengths, limitations and applicability in clinical workflows such as liver

transplant, planning and trauma care.

e Accuracy of automated segmentation.

Alot of studies report high segmentation accuracy using algorithms. In 2023, Xie et al. performed
a retrospective study where a 3D U-Net automated segmentation model was used to segment 178
CT images of the liver. Manual segmentation was first carried out by radiologists on 170 CT
images of the liver, then the automated segmentation algorithm was trained with these manual

segments and then used to segment 178 CT liver images. The dice similarity coefficient was used
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to determine the accuracy of the automatically segmented mask. The DSC values gotten for
segments [ to VIII of the liver were 0.93+0.01, 0.94+0.01, 0.93+0.01, 0.93+0.01, 0.94+0.00,
0.95+0.00, 0.95+0.00, and 0.95+0.00, respectively. These DSC values indicate that automated
segmentation gives an accurate and almost similar mask (segments) when compared with manual

segmentation.

Another study done by Yan et al.2023, where a deep learning network was trained to segment
Magnetic Resonance Imaging images of tissues including: tumors, pituitary glands, sphenoid
sinus, brain, superior saddle cistern and the lateral ventricle. A dataset of about 133 images of
patients having craniopharyngioma was used. A tumor and mean tissue segmentation DSC values
of 0.951 and 0.8668 were gotten. This result gotten also signifies how accurate automated

segmentation is when compared to the “gold standard”.

Kumaraswamy and Patil in 2021 did a study on automated segmentation of an MRI prostate image
using Res-Net. The trained a U-Net and Res-Net algorithm with a 116-patient sample dataset. After
segmentation and comparison, a DSC value of 0.938. This also shows high segmentation accuracy
of automated segmentation algorithms, it also showed that the accuracy of segmentation can be

enhanced greatly by utilizing a two-stage neural network.

e Segmentation time and efficiency

In 2022 Cayot et al. performed a retrospective study comparing the manual and automated
segmentation of polycystic liver. They trained a CNN using 190 CT series. 41 CT series where
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then used to test the algorithm, a radiologist performed manual segmentation also which was used
as reference for all comparisons. While the manual needed about 22.4 mins for full segmentation,
took the algorithms (CPU and GPU) an average of 5 and 2 Seconds respectively to segment the
structures. This indicated that automated segmentation is way ahead in speed compared to manual

segmentation.

e Inter-observer Variability

A study done in 2018 by Kiefer et al. on the inter and intra-observer variability of an anatomical
landmark-based manual segmentation. The inter-observer variability was assessed using the Inter-
class Correlation Coefficient value which was 0.99 for PDFF and 0.98 for CSA. This showed that

manual segmentation is highly reproducible, indicating minimal inter-observer variability.

The empirical evidence given above has highlighted the accuracy, time efficiency of automated
segmentation over the manual segmentation methods and also the inter-observer variability of
manual segmentation. While manual segmentation remains a gold standard in terms of accuracy,
especially in complex cases, automated tools have demonstrated high Dice scores, reduced
processing times, and strong reproducibility across diverse imaging datasets. These findings
support the growing integration of deep learning algorithms into clinical workflows, particularly
in time-sensitive settings like transplant planning and trauma evaluation. Future research should
continue refining these models for improved generalizability and real-time applicability in routine

practice.
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CHAPTER THREE

RESEARCH METHODOLOGY

3.1 Research setting

This study was carried out using CT images gotten from the University of Benin Teaching Hospital

(UBTH) Radiology department, Benin city, Edo state.

All processes from data processing, model deployment and evaluation were carried out in a cloud-
based environment using Google Colab. Totalsegmentator was used to automatically segment the
liver from the CT images. Manual segmentation and visualization tasks were conducted using the
3D slicer v5.10.0 software. Further data handling and analysis was performed using the latest
python programming language (version 3.9, 3.10) with supporting libraries such as SimpleITK
and NumPy. This study was done between July and August 2025. Since the CT images were gotten

from UBTH radiology department, an ethical approval was required.

3.2 Study Design

This study was a retrospective, quantitative and comparative study. It was aimed at evaluating the
performance of automated liver segmentation tool in comparison with the manually annotated
reference mask. This investigation was carried out using the CT images acquired from the

University of Benin Teaching Hospital Radiology department.
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3.3 Target Population

This study focused on individuals that did abdominal CT scans. It also focused on radiographers

in UBTH.

3.4 Sampling techniques/Sample size

A random sampling technique was employed to minimize selection bias and ensure that the data
used in this study represented a broad and unbiased range of cases. Abdominal CT images were

obtained from the Radiology Department of the University of Benin Teaching Hospital (UBTH).

The first 10 abdominal CT images which satisfied the criteria below were selected:

e The images had to be of diagnostic quality, free from major motion artifacts or
reconstruction errors.
e All scans were acquired using similar imaging parameters (e.g., slice thickness, matrix size,

and field of view) to maintain uniformity during segmentation analysis.

A total of 10 radiographers were also selected from the Radiology Department of UBTH to
perform the manual segmentation. The first 10 radiographers who satisfied the criteria below

were approached directly and voluntarily agreed to participate in the study.
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Inclusion criteria for observers included:

e Must be a licensed radiographer registered with the Radiographers Registration Board of
Nigeria (RRBN).
e Must have a minimum of one year of clinical experience in CT imaging or diagnostic

radiography.

Each of the ten selected radiographers manually segmented the same ten CT images, resulting in
100 manually segmented datasets (10 observers x 10 images). These manual results were then
compared with automated segmentation outputs to assess accuracy, inter-observer variability, and

segmentation time.

3.5 Instruments for data collection

The CT unit in the University of Benin Teaching Hospital Radiology department was our main

source of data. It gave us the CT data needed for this study.

The following instruments was used for data collection:

e Computed Tomography Machine: The CT machine has already been used to acquire
images of the abdominal organs to be segmented. These images acquired are in the
computer system in located in the CT suite within the radiology department.

e Compact Disc: The images acquired by the CT machine was transferred into the compact

disc for proper data transfer to the various computer systems for segmentation.
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e Data Collection Sheet: The data sheet was used to acquire the time each manual
segmentation is done. The data sheet used is attached in appendix .

e Stop watch: This instrument was used to measure the time of manual segmentation.

e Laptop: A Hp zbook 15 was used for this study with an intel core i5 processor and 8
gigabytes of ram.

e 3D slicer v5.10.0: This software was used for manual segmentation.

e Google Colab: This cloud-based Graphics processing unit and python version of 3.11 was

used for automated segmentation.

3.6 Validity of instrument

Compact Disc: The compact disc ensured safe export and transfer of CT images for segmentation
in DICOM format. It was checked by a senior radiographer at UBTH ensuring the data within it
was accurate.

Data Collection Sheet: The data collection sheet used in this study was checked and corrected by
a medical physicists and project supervisor ensuring its validity.

Stop Watch: The stopwatch used was properly calibrated, ensuring it was valid for this study.

3.7 Reliability of Instruments

The instruments used in this study demonstrated a high degree of reliability. They consistently
produced stable and reproducible outcomes. Each tool was selected based on its prior validation

in similar research contexts and its capability to ensure consistent results.
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3.8 Methods of data collection

This study used a secondary data collection method (an existing data collected initially by someone
else for a particular purpose, but now used for a new research objective). Existing data from the
University of Benin Teaching Hospital (UBTH) Radiology Department CT machine was used. A

data collection sheet was also used to record segmentation time manually.

3.9 Methods of data analysis.

This study focused on evaluating accuracy, reproducibility, and inter-observer variability. The

following statistical measures were used:

Dice Similarity Coefficient (DSC): The DSC was used specifically because it quantified the
overlap between manual and automated segmentations, providing a measure of segmentation
accuracy. Higher DSC values indicate greater similarity between the segmentations. To obtain the

DSC value python version 3.11 was used.

Intra-Class Correlation (ICC): ICC was used because it assesses agreement and consistency among
different observers in manual segmentation, indicating inter-observer reliability. To achieve an

accurate inter class correlation coefficient value SPSS v28 was used.

Fleiss’ Kappa: Fleiss’ Kappa was used because it measures categorical agreement among multiple
observers, accounting for chance agreement and providing a robust measure of reproducibility.
SPSSv28 was used to obtain the fleiss’ kappa value.
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Mean Segmentation Time: The mean time for manual segmentation across all observers was
calculated, as well as the mean time for automated segmentation. This comparison quantified the
efficiency gains of automated methods relative to manual segmentation. SPSS v28 was used to

calculate the mean segmentation time for manual and automated segmentation.

3.10 Ethical considerations

Ethical approval was acquired from the Health Research Ethics Committee of University of Benin
Teaching hospital (UBTH). Anonymity of patent and confidentiality was assured. No personal
identifiers were collected and the data acquired was used strictly for research purposes. The ethical

approval request is attached in appendix II.
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CHAPTER FOUR

RESULT AND DISCUSSION

In this chapter, we are will discuss the results gotten by comparing manual and automated
segmentation algorithms in computed tomography imaging of the liver. The analysis focuses
deeply on the accuracy of automated segmentation, inter-observer variability and the time

efficiency of automated segmentation compared to manual.

4.1 Presentation (Data Representation)

The following are the main results obtained during this study:

e Dice Similarity Coefficient (DSC):
0.85 +£0.035
e Average Segmentation Time:
Manual: 25.9 minutes.
Automated: 9 minutes.
e Inter-observer Agreement (Manual Segmentation):
Intra-Class Correlation (ICC): 0.72

Fleiss’ Kappa: 0.68
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Figure 4.1. A patient chosen at random out of the 10 CT images used in this study.
Different observers segmented the liver using 3D-slicer. All manually segmented liver

is in red and overlap each other.

Figure 4.1 presents manual segmentation overlap across different observers and figure 4.2
presents a manual and automated segmentation overlap between one observer and the
automated algorithm used from the 10 patients used in this study. The 10 observers
segmentation of the liver is seen in red in the first image while on the second image, the
automated segmented structure is seen in light red and the manually segmented liver is
seen in dark red. Both figure present manual and automated segmentation respectively in

different planes (Axial, sagittal and coronal planes). The results obtained in this study will

33



help quantify the differences and similarities between observers and automated

segmentation algorithms.

Figure 4.2. A patient chosen at random out of the 10 CT images used in this study. 1
observer’s manual segmentation and an automated segmentation done using

TotalSegmentator overlapped on each other. The manual segmentation mask is dark red and
the automated mask is light red.
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Table 4.1: Descriptive Statistics of DSC (Dice Similarity Coefficient) values.

OVERALL PERFORMANCE METRICS (N=100 MEASUREMENTS)

STATISTICAL PARAMETER Value
MEAN £ SD 0.847 +0.035
MEDIAN (IQR) 0.843 (0.832 - 0.880)
RANGE 0.766 - 0.899
95% CI 0.841 - 0.854
COEFFICIENT OF VARIATION (%) 4.12%

From the table above, the mean DSC gotten was 0.847+0.035. This indicates that there is a high
level of overlap (85%) between manual and automated segmentation. A high level of overlap
shows us that automated segmentation is highly accurate. All DSC values gotten ranged between
0.766 and 0.899 which are above the 0.7 threshold which is the accepted threshold for an accurate

segmentation.

The results gotten are consistent across all samples, this is shown by the low coefficient of variation

gotten (4.12%).
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Dice Similarity Coefficient

DSC Distribution Across Images
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Figure 4.3. Illustrates the overlap between manual and automated liver boundaries,
confirming the accuracy of the DSC values presented.

The boxplot shows a range of distribution of the DSC values with a line vertically passing through
the box. The black dots sited above and below these vertical lines are representations of statistical
outliers. The median value is shown by the horizontal black thick line in the box and the box is
bounded above and below by the 75" and 25" percentile. The boxplot above shows us the

distribution of the DSC with respect to each image segmented manually and automatically
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Table 4.12 DSC performance with respect to each image segemented.

Image ID Mean DSC Standard Deviation  Range CV (%)
Al 0.783 0.012 0.766 - 0.810 1.53%
A3 0.832 0.005 0.824 - 0.841 0.63%
A4 0.882 0.041 0.766 - 0.899 4.63%
A5 0.836 0.007 0.820 - 0.845 0.82%
A6 0.865 0.030 0.780 - 0.878 3.45%
A7 0.843 0.006 0.830 - 0.850 0.67%
A8 0.874 0.030 0.790 - 0.887 3.40%
A9 0.847 0.006 0.835-0.855 0.66%
AlO 0.879 0.030 0.795 - 0.892 3.38%
All 0.833 0.005 0.826 - 0.842 0.61%

Heatmap of DSC Values
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Figure 4.4. Heat map of DSC values, showing the most accurate and least accurate DSC values.
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For the 10 liver images segmented, the mean DSC for each image gotten ranged between 0.783 —
0.882. This shows that on each image segmented the automated segmentation algorithm used was
very accurate putting into consideration the slight variation in segmentations done manually by

different observers.

Figure 4.4 shows us a representation of the range of DSC values. The least DSC value is 0.766 and
it is represented with a red color. The highest being 0.899 has a green representation. The colors
in between ranges from orange to light green. The orange being closer to the minimum DSC value

and light green closest to the highest DSC value.

Table 4.13. Inter-Observer Variabilitv/Reliability analysis

Reliability Measure Value Interpretation
ICC (Two-way, Consistency) 0.720 Moderate
Fleiss' Kappa 0.683 Substantial
ICC 95% CI Lower 0.518 -
1CC 95% CI Upper 0.901 -

The Intraclass Correlation coefficient (ICC= 0.720) and Fleiss’ Kappa (0.683) shows that the
agreement between all 10 observers were moderate to substantial. This confirms there was low
variability in segmentations done by each observer. The ICC 95% CI lower value of 0.518 shows
that at worst, there will still be a moderate agreement between all observers and an ICC 95% CI

upper value of 0.901 shows us that at best, we will have an excellent agreement between all
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observers involved in the manual segmentation of the liver indicating that manual segmentation is

reliable.

Manual vs Automated segmentation efficiency (minutes)

Table 4.14. Sesmentation Time Comparison.

Image ID

Al

A3

A4

A5

A6

A7

A8

A9

Al0
All
Overall Mean

Manual (min) Automated (min) Time Saved (min)

27.44
22.96
28.77
23.31
28.93
23.51
28.39
23.41
28.96
23.30
25.90

9
8
10

9.00

18.44
14.96
18.77
14.31
19.93
15.51
18.39
13.41
20.96
14.30
16.90

% Time Saved
67.2%
65.2%
65.2%
61.4%
68.9%
66.0%
64.8%
57.3%
72.4%
61.4%
65.2%

An average of 25.9 minutes was used to manually segment each CT image, whereas it took

automated segmentation an average of 9 minutes saving about 16.9 minutes which is a 65%

reduction on the time spent on each image. This indicates that automated segmentation is way

more efficient when compared to manual segmentation.
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Manual vs Automated Segmentation Time
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Figure 4.5. A bar chart comparing manual and automated segmentation time.

Figure 4.5 is a bar chart representing the comparison between the time efficiency of manual and
automated segmentation. The yellow bars represent the time used to manually segment the liver

while the bars in blue represent the time it took the algorithm to automatically segment the liver.

The value gotten from the one sample T-test (p<0.001), shows us that the DSC values gotten were

significantly greater than 0.7. This confirms the high accuracy of automated segmentation.

The value gotten from the Paired T-test (p<0.001), shows that there is a significant difference
between manual and automated segmentation time. This confirms the speed of automated

segmentation.
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Table 4.15. Statistical test summary.

Hypothesis testing results

Statistical Test Test Statistic p-value 95% CI Result
One-sample t-test (DSC t(99) = < 0.842 to Significantly > 0.7
vs (.7 threshold) 42.223 0.001 Inf
Paired t-test (Manual vs t(9) = < 1497 to Significant
Automated time) 19.866 0.001 18.82 difference
Pearson Correlation 1(8) = 0.186 -0.244 to No significant
(Time vs DSC) 0.455 0.843 correlation

The Pearson correlation value gotten (r=0.455, p=0.186), indicated that a longer manual
segmentation time did not reflect on the accuracy of segmentation (no improvement in accuracy

due to longer segmentation time).

4.2 Discussion.

In this study, we looked into evaluating the accuracy and time of automated segmentation relative
to manual segmentation. Also, we assessed the inter-observer variability between 10 different

observers who manually segmented the liver using 3D-slicer.

To determine the accuracy of automated segmentation, each segmentation mask generated by the
automated algorithm was compared with the manual masks created by the observers. The mean
DSC of 0.85 £ 0.03 indicates an 85% overlap between the automated segmentation and the ground

truth, demonstrating that the algorithm is highly accurate.
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This result directly addresses the first research objective which was to evaluate the accuracy of
automated segmentation relative to manual segmentation. It also answers the first research
question regarding how closely automated liver segmentation matches manual (ground truth)
segmentation. The high DSC value suggests that the automated method can reliably replicate
expert manual segmentation, supporting its potential use in clinical workflows where speed and

reproducibility are important.

The DSC gotten in this study indicates that there is a good agreement between both types of
segmentations and when compared to the findings of a study carried out by Xie et al., 2023, which
showed DSC values > 0.9340.01 for different structures segmented, there was a slight deviation.
This deviation surpasses the measurement uncertainty, suggesting that between both studies there
is a significant difference between automated segmentation accuracy. This difference may be as a
result of dataset composition differences, quality of image and model training parameters.
Although there is a slight deviation in DSC value, the results of this study reflect a satisfactory

segmentation accuracy which is suitable for clinical evaluation.

In terms of inter-observer variability, the intra-class correlation (ICC) was 0.72 and Fleiss’ Kappa
was 0.68, indicating minimal variability between observers. These values demonstrate low
interobserver variability in manual liver segmentation. This result directly addresses the second
research objective which was to assess the inter-observer variability in liver segmentation among

multiple observers. It also answers the corresponding research question regarding the extent of
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variability between manual segmentations. The moderate-to-high agreement suggests that manual
segmentation is relatively consistent among trained observers, providing a reliable baseline against

which the accuracy of automated segmentation can be evaluated.

A study carried out by Kiefer et al., 2018 reported a low inter-observer variability with ICC values
of 0.99 (PDFF) and 0.98 (CSA) respectively. Compared to our study the variability between
observers is slightly lower and this can be caused by anatomical complexity of the structure
segmented and size of dataset used. Nonetheless, the result obtained from this study tells us that
there is a moderate to substantial agreement between observers indicating a low inter-observer

variability.

Automated segmentation was significantly faster than manual segmentation, achieving a 65%
reduction in segmentation time. On average, it took 9 minutes per image for the automated
algorithm, compared to 25.9 minutes per image for manual segmentation by each observer. This
finding directly addresses the third research objective which was to measure and compare the time
of liver segmentation using automated and manual methods. It also answers the corresponding
research question regarding how much time automated segmentation saves relative to manual
segmentation. The substantial decrease in time highlights the efficiency advantage of automated
segmentation, suggesting its practical utility in clinical settings where time and resource

optimization are critical.

With regards to segmentation time, the results gotten deviates form a study done by Cayot et al.,

2021. The study showed a manual and automatic segmentation time of 22.44+10.4 min and 5+2.1
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secs respectively. This deviation indicates that our system was relatively slower which can be
caused by a difference in hardware configuration, experience difference of observers and algorithm
differences. Despite this, the results of this study still show how fast and efficient automated

segmentation is.
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CHAPTER FIVE

CONCLUSION AND RECOMMENDATION

5.1 Conclusion

The aim of this study was to compare manual and automated segmentation algorithms in CT
imaging of the liver, with the goal of determining which approach provides greater efficiency,
accuracy, and reliability. The results indicate that while manual segmentation remains a reliable
reference standard, it is limited by inter-observer variability and long segmentation times. The use
of Intra-Class Correlation (ICC) and Fleiss’ Kappa highlighted the subjective nature of manual

segmentation and confirmed differences between observers.

Automated segmentation, on the other hand, achieved a high Dice Similarity Coefficient (DSC),
demonstrating strong overlap and similarity with the manual ground truth. Additionally, automated

segmentation was highly efficient, reducing segmentation time by 65%.

These findings not only confirm that automated segmentation can achieve accuracy comparable to
the gold standard, but also demonstrate its potential to streamline workflow and enhance clinical
efficiency. In the context of radiology, this suggests that integrating automated segmentation
algorithms into routine clinical practice could improve diagnostic speed, reduce observer

workload, and support more consistent assessments across patients.
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Furthermore, this study provides a foundation for future research, highlighting the need to evaluate
automated segmentation across different algorithms, larger and more diverse datasets, and
observers with varying levels of expertise. Such studies could further validate automated methods,
optimize their clinical application, and potentially expand their use to other organs and imaging

modalities.

5.2 Recommendations

e Wide Clinical adoption: From the results of this study, it is safe to recommend that
automated segmentation algorithms such as TotalSegmentations be integrated into clinical
practice to boost efficiency and clinical workflow.

e Training of radiographers: More radiographers should be trained in the manual
segmentation of anatomical structures. They should also be trained in using and supervising
automated segmentation algorithms.

e Further Research: Larger datasets and additional anatomical structures should be
included in future studies to generalize findings on how accurate and efficient automated
segmentation algorithms are.

e Educational Inclusion: Radiography students should be trained in using automated

algorithms in segmentation, this will serve as a preparation for evolving digital practices.

5.3 Limitations of the study

e Limited Observer pool: Segmentations done manually was performed by 10 observers

from almost the same training background. This might not really capture the variability
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seen among individuals with different expertise levels. Future studies should include
radiographers, radiologists, and radiotherapists with diverse levels of experience and
training to enhance the generalizability of the results.

¢ Single Segmentation Algorithm: TotalSegmentator was the only automated segmentation
algorithm used. Other algorithms might have performed differently. In future studies,
multiple automated liver segmentation algorithms, such as nnU-Net, MONALI, or others,
should be evaluated alongside manual segmentation to assess if performance is consistent

across different platforms, addressing the limitation of using a single algorithm.

5.4 Suggestions for further studies.

Based on the above limitations, here are some important suggestions to take into
consideration when performing a deeper research:

e Expand observer diversity: Radiographers, radiologists, and radiotherapists with varying
levels of experience and training backgrounds should be included in further studies to
improve result generalizability.

¢ Increase sample size: In future studies, more observers should be involved to capture a
wider range of inter-observer variability and improve the generalizability of results.

e Evaluate multiple algorithms: In future studies, the performance of several automated

liver segmentation algorithms e.g., nnU-Net, MONALI, or other algorithms should be used
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when comparing manual and automated segmentation to determine if results are consistent

across platforms. This solves the single segmentation algorithm limitation.
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APPENDIX I: Data Collection Sheet.

OBSERVERS SEGMENTATION TIME

1

10

This sheet is used to record the time taken for each manual segmentation task during the study.
Consistent timing tools e.g. a stopwatch is used for accurate measurement of the time taken to

segment these structures.
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APPENDIX III: Python code used to calculate the DSC.

import nibabel as nib

import numpy as np

def dice coefficient(mask1, mask?2):
mask1 = mask]1.astype(bool)

mask2 = mask?2.astype(bool)

intersection = np.logical and(mask1, mask2).sum()

return 2. * intersection / (mask1.sum() + mask2.sum())

# Load the segmentations
manual nii = nib.load('manual seg.nii')

auto nii = nib.load('auto seg.nii')

manual mask = manual nii.get fdata()

auto _mask = auto nii.get fdata()

# Optional: binarize if values are not strictly O or 1

manual mask = manual mask >0

auto _mask = auto_mask > 0
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# Compute DSC

dsc = dice_coefficient(manual mask, auto mask)

print(f'Dice Similarity Coefficient: {dsc:.4f}")

This python code is used to calculate the DSC value which tells us how accurate the automated

segmentation algorithm used is.
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