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Abstract
Chronic kidney disease (CKD) is a progressive condition affecting millions world-
wide, and accurate assessment of kidney structure is essential for early diagnosis and
monitoring disease progression. Magnetic Resonance Imaging (MRI) has emerged
as a powerful, non-invasive technique for visualizing subtle structural and functional
changes of the kidneys, providing insights into disease progression and severity. How-
ever, manual segmentation of MRI data is both time-consuming and prone to inter-
and intra-observer variability, highlighting the need for automated methods.

This thesis presents a deep learning-based approach for automated segmentation of
the renal parenchyma, cortex, and medulla using multi-channel and multi-modal
MRI data. A 2D ResUNet architecture was implemented with the Medical Open
Network for AI (MONAI) framework and trained on a dataset of 37 MRI scans from
CKD patients. Two approaches were evaluated: a multi-channel model utilizing T1-
weighted Modified Look-Locker Inversion Recovery (T1-MOLLI) images at multiple
inversion times, and a multi-modal model incorporating diffusion-weighted imaging
(DWI) and T2*-weighted image data. While the multi-channel T1-MOLLI model
demonstrated strong agreement with manual annotations, achieving Dice scores of
0.9089 for parenchyma and 0.8552 for cortex, the multi-modal approach underper-
formed due to spatial misalignment between input images and reference labels.

The proposed segmentation pipeline also enabled reliable quantification of renal
parenchyma and cortex volumes, and showed potential for quantifying tissue-specific
parametric values relevant to CKD monitoring. However, the reliability of these
measurements were highly dependent of the models segmentation performance. Over-
all, the findings highlight the potential of using deep learning models’ with multi-
channel MRI input for improving kidney segmentation, serving as a tool to support
clinical image analysis workflows and reduce manual effort.

Keywords: deep learning, image segmentation, MRI, kidneys, convolutional neural
networks, ResUNet, multi-channel images, chronic kidney disease.
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1
Introduction

Accurate and precise segmentation of anatomical structures in medical images is a
critical challenge in the field of medical image analysis. With rapid advancements
in deep learning, new and powerful tools for processing and interpreting medical
images have been introduced, such as for segmenting vital organs like the kidneys.
Precise delineation of kidney regions is essential for advancing the understanding
of kidney function and pathology, as well as for supporting effective diagnosis and
treatment planning. For instance, segmenting internal kidney structures such as the
cortex and medulla allows for measurement of anatomical and functional changes
associated with pathology. Such information could support early detection of condi-
tions like chronic kidney disease, a progressive and widespread condition that often
goes undetected in its early stages [1]. Among medical imaging techniques, Mag-
netic Resonance Imaging (MRI) has emerged as a powerful, non-invasive technique
for visualizing subtle structural and functional changes of the kidneys, providing
insights into disease progression and severity [2].
However, manual analysis and segmentation of kidney regions from medical image
data is a time-consuming process that requires high expertise. It becomes even
more challenging when there is inter- and intra-subject anatomical variability, lim-
ited image contrast between internal tissue types due to limited image quality, and
inconsistencies across imaging protocols. These factors make manual annotation
both time-consuming and prone to variability. Deep learning offers a promising way
to automate the renal segmentation process, saving time and manual effort while
also reducing operator bias.
While recent advances in deep learning have led to significant improvements in
medical image analysis, existing approaches focus on whole-kidney segmentation
and do not often address the challenge of segmenting anatomical substructures of
the kidneys. Methods that do attempt to resolve internal regions often struggle with
low contrast, leading to insufficient segmentation performance and limited clinical
relevance. Thus, there is a clear need for deep learning solutions that can handle
the complexity of renal segmentation from imaging data.
This thesis focuses on developing a deep learning-based segmentation pipeline to
address the challenge of segmenting the parenchyma and internal renal structures in
kidney MRI. By providing predicted segmentations with high accuracy and precision,
the need for manual corrections, or any at all, can be minimized. Such advancements
have the potential to make the process of analyzing kidney images more efficient,
thereby reducing the time, effort, and operator dependency.
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1. Introduction

1.1 Aim
The aim of this thesis is to develop a deep learning-based solution for automated
segmentation of kidney parenchyma, cortex, and medulla from MRI data. Specifi-
cally, the objective is to implement a multi-channel approach capable of generating
reliable segmentation suggestions for these anatomical regions by leveraging infor-
mation from multi-parametric MRI. Furthermore, this study aims to evaluate the
feasibility of using the proposed deep neural network to estimate renal volume and
tissue-specific parametric values, thereby enabling automatic assessment of renal
tissue health and disease progression.
This project is carried out in collaboration with Antaros Medical AB, a company
specializing in advanced medical imaging technologies for clinical trials and drug
development. The desired outcome is a reliable segmentation pipeline that assists
their image analysts in the manual segmentation workflow.

1.2 Scope and Limitations
The scope of this study is limited to the automated segmentation of the kidney
parenchyma, cortex, and medulla using MRI data. Only these specific renal regions
are considered, and no additional structures will be included in the segmentation
process. Similarly, the image data is restricted to MRI, and other modalities such
as computer tomography (CT) are not within the scope.
The MRI dataset used in the study is pre-acquired and provided by Antaros Medical
AB. As a result, this work does not involve any additional image data acquisition.
Areas such as motion artifact reduction and image registration techniques are further
excluded from the scope.
Given that image segmentation and deep learning are wide research areas, this thesis
focuses on investigating a limited set of techniques rather than attempting to explore
the entire field. The proposed solution will solely be evaluated against data from the
same clinical study, which limits the comparison of results to other medical image
data. Lastly, while algorithm performance in terms of efficiency and processing time
is discussed, direct comparisons with manual segmentation in terms of time savings
are not included in the scope of this thesis.

1.3 Related Work
Automated medical image segmentation has become an increasingly active area of
research, driven by advancements in deep learning and computer vision. Early efforts
in automatic kidney segmentation are primarily focused on the kidney as a whole,
with less attention paid to the internal structures, such as the cortex and medulla.
However, research highlights the importance of detailed segmentation of these inter-
nal structures due to their clinical importance in diagnosing and monitoring renal
diseases [3]. An early study from 2014 emphasized the significance of segmenting
the kidney cortex and medulla and proposed a method based on traditional thresh-

2



1. Introduction

olding techniques applied to MRI modalities [4]. With the advancements in deep
learning, particularly in the field of convolutional neural networks (CNNs), more
refined approaches have been developed to improve segmentation accuracy.
In the context of kidney segmentation, a number of efforts have explored using CNN-
based networks to automate and improve segmentation performance in MRI and CT
imaging. For example, a study from 2022 introduced a deep learning model based on
a modified U-Net architecture for the automated segmentation of the kidney cortex
and medulla in abdominal CT scans [5]. Although this approach demonstrated
improved accuracy over traditional methods, challenges remain due to the minimal
contrast differences between the cortex and medulla. Additional research has applied
CNNs for classification and segmentation tasks to support chronic kidney disease
(CKD) diagnosis and kidney volume estimation [6], [7], yet poor tissue contrast is
consistently highlighted as a challenge. Segmentation accuracy is often reduced near
anatomical boundaries where adjacent organs, such as the spleen and liver, blur the
distinction between tissues. In patients with CKD, additional challenges arise due
to irregular kidney shape and altered contrast, which further complicate delineation
of tissue boundaries. Despite these challenges, CNN-based methods demonstrate
high accuracy in segmenting kidneys, often outperforming manual segmentation
and reducing inter- and intraobserver variability [5], [8].
Deep learning-based segmentation models are typically limited by the quality of in-
put data. For renal segmentation, existing methods rely on either contrast-enhanced
or high-resolution imaging. Still, challenges remain due to limited contrast within
the kidneys or surrounding tissues. Additionally, models trained on a single imag-
ing modality often experience limited generalizability. Such models tend to become
biased toward specific imaging data, reducing their effectiveness when applied to
other modalities or diverse clinical datasets. This presents challenges for clinical ap-
plications, where robust performance across various imaging techniques is essential.
To overcome such challenges, multi-modal and multi-channel approaches have gained
attention. Recently, researchers have explored the integration of multiple imaging
modalities with deep learning techniques to improve segmentation performance and
robustness. For example, a study from 2024 proposed incorporating multiple imag-
ing modalities into the segmentation process by treating them as separate input
channels. This method demonstrated improved segmentation accuracy and better
generalization across varying datasets [9]. Such input-level fusion is widely adopted
in deep learning-based medical segmentation [10], offering a straightforward yet ef-
fective way to combine diverse tissue contrasts within a single model. Other methods
involve fusion at a later stage, where integration of different imaging modalities oc-
curs within the network’s internal layers or output stage, offering more flexibility
but with higher complexity [11].
Various approaches are represented in the literature, with a general agreement that
incorporating data from multiple imaging modalities improves segmentation accu-
racy and model generalization. Moreover, multi-dimensional U-Net variants have
demonstrated strong performance across diverse medical datasets [12]–[14]. Despite
the clear advantages, the application of multi-channel and multi-modal approaches
to renal image segmentation appears to be limited.
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1. Introduction

This thesis builds on previous research by using a multi-channel approach that
combines data from multiple MRI sequences to segment not only the kidney as a
whole, but also its internal structures like the cortex and medulla. Unlike many
of the earlier methods that focus on CT or single-modality MRI to segment the
entire kidney, this approach combines data from different MRI acquisitions to help
separate internal kidney structures, which are often hard to distinguish due to low
tissue contrast.
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2
Theory

This chapter provides the theoretical background relevant to this study on kidney
segmentation using deep learning. It begins with an introduction to kidney anatomy,
renal function, and clinical relevance of conditions like CKD. Following this, key
concepts related to magnetic resonance imaging will be introduced, highlighting its
role in renal imaging and functionality assessments, as well as common artifacts.
Furthermore, the fundamentals of deep learning and neural networks, specifically
for the task of semantic segmentation, will be explained. This includes an introduc-
tion to state-of-the-art approaches, focusing on convolutional neural networks and
architectures like the U-Net and ResUNet. Lastly, this chapter addresses training
strategies for deep neural networks, including optimization algorithms, loss functions
specific to medical segmentation, and commonly used evaluation metrics.

2.1 Kidney Anatomy and Physiology
The kidneys are paired, bean-shaped organs that are located on either side of the
spinal column in the retroperitoneal space, posterior to the abdominal cavity [15].
They play a crucial role in maintaining homeostasis by filtering blood, regulating
electrolyte balance, producing hormones, and excreting metabolic waste products
and excess water from the bloodstream.
Normally, the human body has two kidneys, identical in structure and function.
Each kidney consists of distinct anatomical regions, which are essential for its fil-
tration and regulatory functions. As illustrated in Figure 2.1, the outermost layer
consists of the renal cortex, which is where blood filtration begins. The cortex re-
gion contains the glomeruli, clusters of tiny blood vessels that initiate the filtration
process, and the proximal tubules, which reabsorb essential nutrients and regulate
fluid balance [15].
Beneath the cortex lies the renal medulla, organized into cone-shaped renal pyra-
mids. These structures contain loops of Henle and collecting ducts, both important
for concentrating urine and regulating water reabsorption. At the tip of each pyra-
mid, urine is drained into the minor calyces, which merge into the major calyces
and ultimately form the renal pelvis. The renal pelvis acts as a central collection
area, directing urine into the ureter for excretion. Together, the cortex and medulla
form the renal parenchyma, the kidney’s functional tissue.
Although the kidneys are bilaterally symmetrical in structure, they are positioned
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asymmetrically. The left kidney, or sinistral (SIN) kidney, is located slightly higher
than the right, or dextral (DX) kidney, because the liver on the right side pushes the
DX kidney downward. This anatomical asymmetry, along with natural variations
in kidney size and shape due to individual differences or pathological conditions,
presents challenges for automated renal segmentation [3], [16].

Figure 2.1: Anatomical illustration of the normal renal structure from a coronal
orientation of the left kidney. The renal parenchyma tissue includes cortex and
pyramids of medullas. Created with BioRender.com.

2.1.1 Chronic Kidney Disease
CKD is a global health challenge, claiming more than 1 million lives annually [2].
This irreversible and progressive condition affects millions worldwide, severely im-
pairing kidney function and, consequently, quality of life. Despite its increasing
prevalence, CKD symptoms are subtle, and by the time they become apparent, the
disease has often progressed significantly. As a result, early-stage CKD frequently
goes undiagnosed, making timely intervention a critical challenge. The increasing
incidence and mortality rates underscore the need for better diagnostic tools and
more effective management strategies.
As CKD progresses, it can lead to end-stage renal disease (ESRD), which requires
expensive kidney replacement treatments, such as dialysis or transplantation. ESRD
presents a significant financial burden on healthcare systems worldwide, with dial-
ysis programs growing annually by 6% to 12% over the past two decades [6]. A key
barrier to early diagnosis of CKD is the lack of symptoms in the early stages of
the disease, highlighting the need for appropriate screening and diagnostic methods.
Early detection is crucial for preventing the disease’s progression and the develop-
ment of complications. MRI has emerged as a useful non-invasive tool in assessing
CKD progression. For instance, MRI helps detect tissue changes associated with
processes such as cyst formation and fibrosis, providing important information on
the extent of kidney damage and the effectiveness of treatment [17].

6



2. Theory

Renal volume is another important biomarker, as its reduction due to glomerular loss
correlates with decreased nephron function and impaired kidney filtration, leading to
complications like fluid overload and ESRD [18]. Monitoring renal volume provides
insights into disease progression, enabling clinicians to adjust treatment plans.

2.2 Magnetic Resonance Imaging
MRI is a widely used medical imaging technique that produces detailed 2D or 3D
views of internal organs and structures. It is non-invasive and relies on strong mag-
netic fields and radio waves to generate detailed images of the body’s internal struc-
tures, making it particularly useful for imaging soft tissues such as the brain, liver,
and kidneys. By providing high-resolution images, MRI plays an important role
in diagnosing and monitoring various medical conditions, as well as understanding
anatomical and physiological changes. In the context of renal imaging, MRI enables
non-invasive tissue characterization and early detection of renal disease progression,
helping to predict clinical outcomes and guide treatment decisions [17].

2.2.1 Physical Principles of MRI
The principles behind MRI rely on the interaction between hydrogen nuclei and a
magnetic field. During an MRI scan, the strong magnetic field generated by the
scanner causes protons in the body to align along the direction of the magnetic
field, creating a net magnetization known as equilibrium magnetization. When a
radiofrequency (RF) pulse is applied, it temporarily disturbs this equilibrium by
tipping the magnetization away from its aligned state, leading to a temporary loss
of longitudinal alignment and the development of magnetization in the transverse
plane. These changes in magnetization contribute to measurable alterations in the
net magnetization. Following the RF pulse, the longitudinal magnetization (Mz) is
reduced, while the transverse magnetization (Mxy) increases. It is this transverse
component that generates a detectable signal in the MRI receiver coils. Once the
RF pulse is turned off, the system undergoes a process known as relaxation, during
which the magnetization gradually returns to its equilibrium state due to interactions
between the hydrogen nuclei and their surrounding environment.
Relaxation occurs on two distinct time scales: Mxy decays according to the T2
time constant, while Mz recovers along the T1 time constant [19]. The relaxation
times vary across tissue types and are influenced by factors such as magnetic field
strength, tissue composition, and water content. Because these relaxation times are
tissue-dependent, they form the basis for the contrast seen in the resulting images.

2.2.2 MRI Sequences
MRI uses certain types of sequences to highlight different structural and functional
characteristics of tissues. Each sequence is characterized by a specific combination
of timing, RF pulses, and gradient fields that manipulate the magnetic properties
of protons in the body and enables acquisition of images with precise resolution
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and contrast. The choice of imaging sequence determines the type of contrast and,
consequently, the kind of physiological or anatomical information captured, such as
tissue structure, composition, or water content.

Modified Look-Locker Inversion Recovery

This project utilizes data from several MRI sequences to capture distinct features
of kidney anatomy and function. One of them is Modified Look-Locker Inversion
Recovery (MOLLI), which is a widely used sequence for T1-weighted (T1w) imaging.
The images are acquired with respect to the subjects’ heartbeats, which helps to
reduce artifacts caused by cardiac pulses or respiratory motion [20]. As the technique
is widely available across imaging sites, MOLLI is now a well-established method in
renal T1 mapping [17].
In T1 mapping, the MOLLI sequence generates a series of images with different
inversion times (TI), which refers to the time between the inversion pulse and signal
acquisition. These acquired images enable voxel-wise calculations to derive a quan-
titative T1 map, where each voxel reflects the T1 relaxation time of the underlying
tissue [21]. Shorter T1 values appear brighter, while longer values appear darker,
enabling detailed tissue characterization. In the context of renal imaging, T1 map-
ping is useful for non-invasive assessment of renal microstructure. Changes in T1
relaxation times can indicate pathological changes such as fibrosis or inflammation,
making it a promising biomarker for early-stage CKD [2].

T2*-weighted Imaging

Another useful MRI sequence for renal imaging is T2*-weighted (T2*w) imaging,
which is a pulse sequence that measures and displays differences in T2* relaxation
times across various tissues [22]. The main difference between the T2* relaxation
and the conventional T2 relaxation parameter is that T2* relaxation also accounts
for magnetic field inhomogeneities from susceptibility differences in various tissues.
By acquiring a series of T2*w images with varying T2* sensitivities and estimating
the T2* relaxation times through pixel-wise modeling, a T2* map can be generated
[23]. This parametric map visualizes the varying T2*-values for each tissue in the
image, with fluids such as water appearing bright. The T2* relaxation time serves as
a marker of tissue oxygenation, making T2* mapping valuable for monitoring renal
oxygenation. This can in turn be useful for indicating progression of renal diseases
or evaluating the effects of drugs or treatments [24].

Diffusion-weighted Imaging

Diffusion-weighted imaging (DWI) is an imaging modality that can provide addi-
tional functional data in kidney analyses. This sequence measures diffusion proper-
ties and random Brownian motion of water molecules within tissues, offering insights
into their cell density and structural integrity [25]. The general principle behind
the DWI sequence is that it measures diffusion-related attenuation of the MR sig-
nal. It highlights differences in the diffusion of water molecules after application
of diffusion-sensitizing gradients, which affect the movement of water molecules in
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different directions [26]. The strength and timing of these gradients are quantified
by the b-value, a parameter that determines the degree of diffusion weighting. A
higher b-value indicates a higher signal attenuation based on diffusion [25]. Darker
pixels in the DWI image are thus a result of more signal loss due to more motion of
the water molecules.
The resulting data are used to calculate a parametric map that highlights the appar-
ent diffusion coefficient (ADC) within the tissues. The ADC map allows quantifi-
cation of water movement as contrast in the images reflects differences in diffusion,
where a higher ADC value indicates areas with less restricted diffusion and more
motion [27] . This can provide functional information that complements anatom-
ical imaging from other imaging sequences. Renal DWI serves as a valuable tool
for assessing renal microstructure and circulation, with ADC being a widely used
diffusion biomarker and a prognostic indicator for various kidney diseases [2].

2.2.3 MRI Artifacts
In magnetic resonance imaging, artifacts frequently arise from equipment malfunc-
tions, choice of imaging technique, or the inherent physics of the modality [28].
Artifacts are defined as signals that do not correspond to true anatomy or as dis-
tortions and deletions of anatomical information.
There are many distinct types of MRI artifacts, each with their own characteristic
appearance. One of the most common is the motion artifact, which as its name
implies occurs when sudden movement in the ROI produces ghosting or blurring of
structures. Another frequent artifact is aliasing, which arises when anatomy extends
beyond the field of view (FOV) and its signal is wrapped back into the image,
potentially obscuring underlying tissues. When aliasing combines with magnetic
field inhomogeneities, it can give rise to the so-called zebra stripe artifact with
alternating bright and dark bands across the FOV that may mask anatomical detail.
Additionally, the partial volume artifact arises when a single voxel contains multiple
tissue types often due to limited resolution or minor motion so that the resulting
signal is an average of those tissues, reducing apparent resolution and potentially
obscuring small structures. Examples of these artifacts are shown in Figure 2.2.

(a) Motion artifact (b) Zebra stripes (c) Partial volume

Figure 2.2: Examples of common MRI artifacts that include motion artifact, zebra
stripe artifact, and partial volume effect. Images (a) and (b) are adapted from
Stadler et al. [28], while (c) is courtesy of Antaros Medical AB.
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2.3 Deep Learning for Image Segmentation
Deep learning, a subset of machine learning, allows systems to learn from experience
rather than relying on pre-programmed knowledge. Deep neural networks (DNNs)
have proven successful in various computer vision tasks, such as image segmenta-
tion, where models can automatically delineate regions of interest (ROIs) [29]. This
is valuable in medical imaging, such as for organ segmentation. By training DNNs
on labeled image data, these models can efficiently segment areas in medical im-
ages, providing benefits and guidance for both diagnosis and treatment planning.
The process of training an algorithm using labeled datasets is known as supervised
learning. One of its advantages is that it generally achieves high accuracy and, with
sufficient training data, tends to outperform other approaches such as unsupervised
or semi-supervised learning in medical segmentation [30].

Among the various image segmentation techniques, semantic segmentation is one
of the most widely used in the medical field. Semantic segmentation refers to al-
gorithms that classify each pixel in an image by assigning it to a specific object
class, effectively grouping pixels that belong to the same category [31]. This pixel-
level classification enables clear identification and delineation of distinct structures
within an image. Semantic segmentation has numerous applications, particularly
in medical image analysis. It plays a crucial role in enhancing diagnostic accuracy
by identifying and segmenting ROIs, such as tumors, lesions, and anatomical struc-
tures [32]. By leveraging deep learning approaches, it enables automation of tasks
like annotation and boundary delineation, thereby improving workflow efficiency
and reducing the risk of human error.

2.3.1 Basic Concepts of Deep Learning
How the deep learning algorithm works is similar to the human brain. These algo-
rithms use a multi-layered architecture in which artificial neurons are inter-connected
between layers to learn hierarchical representations of data [33]. The artificial neu-
ron is an essential component in a DNN that transforms an input vector into a scalar
output through a weighted sum followed by a non-linear activation. Mathematically,
it can be expressed as

zk =
n∑

i=1
wkixi + bk, (2.1)

ak = f(zk), (2.2)

where xi is the i-th element of the input vector, wki is the weight connecting input
i to neuron k, and bk is the bias term for neuron k. The function f(zk) denotes
the activation function, and ak is the scalar output ofthe neuron. In a multi-layer
network, passing information between neurons is known as forward propagation, and
is repeated across layers l:
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z(l) = W (l)a(l−1) + b(l), (2.3)
a(l) = f(z(l)). (2.4)

Once forward propagation is completed across the entire network, the model’s output
is computed and compared to the actual target value using a function called the loss
function, denoted as L. This error function measures the difference between the
predicted and actual values, providing information that guides the model during
training to find an optimal set of parameters.
In order to train the neural network and minimize the loss L, an operation called
backpropagation is typically performed, where the gradient of the loss with respect
to the weights is computed using the chain rule:

∂L
∂w

= ∂L
∂a

· ∂a

∂z
· ∂z

∂w
. (2.5)

These gradients, computed through backpropagation, are used to update the weights
in the model. By iteratively updating the weights to minimize the loss, the model
learns and improves. The optimal solution is reached when the gradients reach zero,
indicating convergence to a local or global minimum of the loss function.
For these gradients to be applied during training, they are processed by a component
called an optimizer, which adjusts the model’s weights to minimize the loss function.
Optimizers are typically based on variants of gradient descent, which updates the
parameters in the direction of decreasing error. Among the many available optimiz-
ers, one of the most commonly used with CNNs and image segmentation tasks is
the Adam optimizer. Adam is a type of stochastic gradient descent optimizer that
adaptively adjusts the learning rate for each parameter using estimates of the first
and second moments of the gradients [34]. The algorithm works by running averages
of both the gradients and their squared values, correct the biases introduced during
initialization, and use these adjusted values to scale update the parameter values.

2.3.2 Convolutional Neural Networks
Convolutional Neural Networks (CNNs) is a type of artificial neural network that
has become important especially for imaging purposes [35]. The CNNs consists of
several building blocks that are called layers, each with a specific role in processing
data for the network.

Convolutional Layer

The convolutional layer is the primary component of a CNN and the origin of its
name [35]. The main purpose of this layer is feature extraction, which is achieved by
applying a convolution operation to the input data using a set of learnable filters,
also called kernels. As each kernel slides over the input and produces a feature map
by capturing local patterns, the network captures spatial hierarchies of features,
allowing it to recognize increasingly complex patterns.

11



2. Theory

The convolution operation, illustrated in Figure 2.3, is a linear operation that in-
volves taking the element-wise product of the kernel and a local region of the input.
These values are summed up into a single output value at the corresponding position
in the resulting feature map. By applying multiple kernels, the network can extract
different types of features from the input image in each layer, such as edges, tex-
tures, or shapes. The kernels operate on each input channel separately, producing
channel-wise feature maps. A convolutional layer is characterized by its kernel size,
stride, and padding, with stride determining how many pixels the kernel moves at
each step, and padding adding extra borders around the input to control the spatial
dimensions of the output.

Figure 2.3: An example of convolutional layer with kernel size 3×3, a stride of 1,
and no padding.

Pooling Layer

Pooling layers are another essential component of CNN architectures [35]. Their
primary function is to reduce the spatial dimensions of feature maps, while keeping
the most important information. Pooling layers help reduce the number of values the
network needs to process in the subsequent layers. This helps reduce computational
load and makes the network less likely to overfit.
One commonly used pooling layer is max pooling, illustrated in Figure 2.4. It
works by dividing the input feature map into smaller patches and keeping only the
maximum value from each patch in the output. The stride controls how far the patch
moves each step, larger strides result in greater downsampling and smaller output
dimensions. This downsampling can also be achieved by using strided convolutions.

Figure 2.4: Max pooling layer with kernel size 2×2 and a stride of 2.
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Drop-out Layer

To combat overfitting in a model, which refers to when the model learns the training
data too closely but fails to generalize, the dropout layer is an important component
of the architecture. Dropout, introduced as a regularization technique by Hinton et
al. [36], works by randomly omitting hidden units in the network during training
with a fixed probability. This prevents any single hidden unit from relying too
heavily on the presence of others, which helps improve generalization and reduce
overfitting.

Activation Functions

Activation functions are applied after convolutional layers to introduce non-linearity
into the model, allowing the neural network to capture complex relationships within
the data [35]. Among the various activation functions, the Rectified Linear Unit
(ReLU) is widely used in CNNs, as it helps reduce the vanishing gradient problem,
accelerates training, and enables the model to learn more complex patterns. The
ReLU function outputs the input value for positive inputs and zero for negative
inputs, mathematically defined as

f(x) = max(0, x). (2.6)

To address the issue of zero gradients in the negative input range of ReLU, as shown
in Equation 2.6, the Parametric ReLU (PReLU) activation function can be used.
The PReLU function is defined as

f(x) =

x, if x > 0
αx, if x ≤ 0

, (2.7)

where α is a learnable parameter. Unlike the standard ReLU, which outputs zero
for all negative inputs, PReLU introduces a small, non-zero slope for negative input
values through α, enabling gradients to propagate and improving training stabil-
ity. This adaptive mechanism has been shown to enhance model performance with
minimal additional computational cost [37]. The difference between the ReLU and
PReLU activation functions is illustrated in Figure 2.5.
In the final classification layer, the activation function typically differ from those
used in earlier layers, as it determines the predicted class of each input [35]. In
binary classification tasks, the sigmoid function is typically used, producing a sin-
gle probability value that indicates the likelihood of the input belonging to the
foreground class. For multi-class problems, the softmax function is typically used
instead. This function normalizes the raw output of the fully connected layer, con-
verting it into multiple class probabilities, where each value ranges between 0 and 1
and the sum of all values equals 1. These normalized probabilities support effective
classification by identifying the class with the highest predicted probability. Visual
representations of both activation functions can be seen in Figure 2.6.
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(a) (b)

Figure 2.5: Comparison of activation functions: (a) ReLU, and (b) PReLU.

(a)
(b)

Figure 2.6: Illustration of activation functions commonly used for classification:
(a) Sigmoid function, and (b) Softmax function.

2.3.3 U-Net
Among the most commonly used CNN architectures for semantic segmentation is
the U-Net, first introduced in 2015 [38]. Originally developed for biomedical image
analysis, U-Net was designed to perform well even with limited training data, making
it particularly useful in medical imaging applications where annotated datasets often
are scarce. U-Net has since become a popular choice for segmenting both 2D and
3D medical images from different modalities, including MRI and CT [39].
The U-Net has a unique, U-shaped architecture consisting of a contracting part
(encoder) and an expansive path (decoder). The encoder extract features to learn a
more compressed representation of the input. It is built up of stacked encoder blocks,
which helps the network learn increasingly abstract representations of the input
image at each level. Each encoder block consists of a series of convolutional layers,
with ReLU activation function following each convolution. Max-pooling operations
are applied at the end of each block, to downsample the feature maps.
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The decoder, consisting of mirrored encoder blocks, then reconstructs the segmen-
tation mask by gradually increasing the resolution using transposed convolutions.
By using skip connections that link each encoder block to its corresponding decoder
block, the network combines both high- and low-level features at each level. This
allows for preservation and better learning of spatial information, improving seg-
mentation accuracy. Each decoder block mirrors its encoder counterpart, consisting
of a series of convolutional layers with ReLU activations. Finally, an additional
1×1 convolutional layer is used to produce pixel-wise predictions, resulting in the
predicted segmentation mask.

2.3.4 ResUNet
ResUNet is a deep learning model that builds on the U-Net architecture by incorpo-
rating residual units. This model was first introduced by Diakogiannis et al. in 2020
[40]. ResUNet retains the encoder–decoder structure of U-Net but replaces stan-
dard convolutional blocks with residual blocks. These residual units enable better
gradient flow during training and make it possible to construct deeper architectures
without suffering from vanishing gradient issues. The result is a more stable and
efficient model capable of capturing both fine and high-level semantic features.
As the depth of a neural network increases, the training process can become more
difficult due to issues such as vanishing gradients and model degradation. Residual
connections help address these challenges by allowing the input of a set of layers to
bypass those layers and be directly added to the output [41]. The residual connection
can be represented by the equation

H(x) = F (x) + x, (2.8)

where H(x) represents the desired mapping, and F (x) is the residual function
learned by the network.
There are many advantages to using residual units. They help reduce training error
in deeper architectures, as the identity mapping increases the likelihood of finding
suitable initial parameters. An additional benefit of residual connections is that
they provide a shortcut for gradients during the backpropagation process, allowing
deeper networks to learn more effectively.

2.3.5 Loss Functions for Medical Image Segmentation
The loss function is an essential part of training neural networks, as it quantifies the
error between predicted and actual values. Different problems require different loss
functions, and in medical image segmentation, several loss functions are commonly
used, including cross entropy, Dice loss, Tversky loss, and their variants [42]. Choos-
ing the right loss function is particularly important in medical image segmentation,
where datasets often have a class imbalance. This imbalance occurs when there is
far fewer foreground pixels compared to background pixels, and is common when
the ROI is small in comparison to the full image volume. A suitable loss function
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helps the model focus on both the foreground and background, which helps improve
the accuracy of the segmentation.
The Dice loss, introduced by Milletari et al. [43], is commonly used in medical image
segmentation because it effectively handles class imbalances. The loss function is
based on the Dice coefficient (explained further in section 2.3.6), which is a statistical
measure of overlap between two sets. The Dice loss, LDice, is calculated as follows:

LDice = 1 − 2 ∑N
i=1 yiŷi + ϵ∑N

i=1 y2
i + ∑N

i=1 ŷ2
i + ϵ

, (2.9)

where N corresponds to the total number of voxels in the image, ŷi is the predicted
probability of voxel i belonging to the foreground, and yi is the ground truth value
for voxel i. The term ϵ is a small smoothing term added to avoid division by zero in
the case of background-only, when both the prediction and ground truth are empty.
The Dice loss is typically calculated for each class separately, and the average loss
across all classes is then used during training.

2.3.6 Evaluation Metrics
Evaluation metrics are used to quantitatively assess the performance of segmen-
tation algorithms. In the context of medical image segmentation, various metrics
exist, each suited to different types of segmentation tasks and applications. For eval-
uating segmentation overlap, metrics are typically based on pixel-wise comparisons
between the predicted segmentation mask and the ground truth, based on certain
classification outcomes. True positives (TP) refer to the number of pixels correctly
identified as belonging to the foreground object of interest, false positives (FP) are
background pixels that are incorrectly labeled as foreground, and false negatives
(FN) are foreground pixels missed by the model, misclassified as background. The
relationship between these classification outcomes can be visualized in Figure 2.7

Figure 2.7: Illustration of the relationship between ground truth and predicted
classifications. The overlapping region represents true positives (TP), where the
prediction correctly matches the ground truth. The left (blue) region denotes false
negatives (FN), where actual positives were missed. The right (red) region indicates
false positives (FP), where the background is incorrectly segmented as foreground.
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Two of the most commonly used metrics that rely on these classification outcomes
are the Dice score and the Jaccard index, also known as Intersection over Union
(IoU). Both metrics quantify the similarity between predicted and ground truth
masks. The Dice score is defined as twice the area of overlap between the predicted
and ground truth masks, divided by the total pixel area of both masks:

Dice score = 2 × |Y ∩ Ŷ |
|Y | + |Ŷ |

= 2TP

2TP + FP + FN
, (2.10)

The IoU provides a slightly stricter measure of overlap and is defined as the area of
overlap divided by the area of the union of the predicted and ground truth masks:

IoU = Y ∩ Ŷ

Y ∪ Ŷ
= TP

TP + FP + FN
. (2.11)

While both metrics assess how closely the prediction matches the ground truth, the
IoU penalizes over-segmentation and under-segmentation more strongly than the
Dice score, making it particularly useful in applications requiring precise delineation.

2.4 Multi-channel Image Segmentation
In deep learning-based image segmentation, multi-channel and multi-modal input
strategies have proven effective in enhancing model performance [10]. A multi-
channel image consists of multiple correlated image channels, each capturing differ-
ent aspects of the same scene or object. For instance, this could be images acquired
with different cameras, time points, or acquisition parameters. These channels are
stacked as separate input layers, allowing the network to process them simultane-
ously. By combining multiple input channels, each pixel is represented by a multi-
dimensional vector instead of a single intensity-value, which helps CNNs to learn
complementary feature representations.
In medical image analysis, this becomes particularly useful. Many anatomical struc-
tures are complex, overlapping, or poorly defined in single-channel images. To over-
come this, scans are often acquired with varying acquisition parameters. These
variations help enhance tissue contrast and allow for the extraction of quantitative
measurements like parametric mapping. Multi-modal input further extends the con-
cept of multi-channel input by combining data from different imaging modalities,
or from MR sequences with different acquisition parameters. As each image pro-
vides unique and complementary information about different tissues, the network
learns from images with richer contrast information, which could be useful for dif-
ferentiating between complex structures. Research indicate that networks trained
on multi-channel or multi-modal data often generalize better, particularly across
patients and imaging conditions [10], [32]. They reduce the risk of overfitting to
channel- or modality-specific features and can even be advantageous for training on
smaller datasets, thanks to the diversity of input information to learn from.
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Figure 2.8: Example of a multi-channel input image with five different image
channels from renal MRI data. The channels provide different views of the same
anatomy with complementary tissue contrast information.
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Methods

To address the challenges of manual kidney segmentation, this thesis proposes a
deep learning-based method for automated segmentation of the kidney parenchyma,
cortex, and medulla. Due to the often limited contrast between these internal kid-
ney structures in certain MRI sequences, a multi-channel approach is employed to
leverage complementary information from multiple modalities or images acquired
with different parameter settings.
Method implementation was done using Medical Open Network for AI (MONAI),
an open-source platform optimized for deep learning in medical imaging [44]. The
experimental workflow included three main experiments: single-channel segmenta-
tion of parenchyma and cortex from T1-MOLLI images, extension to multi-channel
using multiple TIs, and finally, multi-modal integration of DWI and T2* mapping.
An overview of the proposed segmentation pipeline is visualized in Figure 3.1.

Figure 3.1: Overview of proposed pipeline for kidney segmentation.
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3.1 Data Description
The dataset used in this study consists of kidney MR images provided by Antaros
Medical AB. The clinical data includes a total of 30 patients, each diagnosed with
CKD at varying stages. The patients were divided between two scanner sites, re-
ferred to as site A and site B. All patients underwent MRI scans at two separate
visits, with each patient being scanned at the same site for both visits. Hence, there
were 60 scans available for the study.
MRI acquisitions were performed using 1.5 Tesla scanner (Siemens for site A and
GE for site B). Each site acquired scans for three different sequences, T1-MOLLI,
DWI, and T2* mapping, with slightly varying acquisition parameters between the
two sites. All scans consisted of coronal 2D slices, acquired in sequence, with in-
plane pixel resolution ranging from 1.5×1.5 mm2 to 1.9531×1.9531 mm2, reflecting
differences in scanner settings and FOV requirements. These slice-wise acquisitions
were stacked into a 3D image volume, which was then stored and provided in VTK
format. Table 3.1 provides an full overview of the imaging parameters for each
modality used in this study, including the number of slices, slice spacing, image
resolution, and the corresponding parametric maps generated.

Table 3.1: Summary of imaging parameters by modality, reflecting the variability
in acquisition protocols depending on the modality and the scanner setup.

Modality Number of slices Slice spacing Image resolution Parametric map

T1-MOLLI 9-19 5 mm 288×288 (A)
256×256 (B) T1

DWI 5 10 mm 210×210 (A)
256×256 (B) ADC

T2* 5 10 mm 288×288 (A)
512×512 (B) T2*

The T1-MOLLI images were acquired at multiple TIs, ranging from 174 ms to 4452
ms. DWI images were acquired at multiple b-values, ranging from 0 to 500 s/mm2.
The T2* mapping image data were acquired at multiple TEs, ranging from 3 ms to
62 ms. For each patient scan, the dataset includes MRI data from all sequences, their
respective parametric maps, and manually segmented ground truth labels for the
cortex and parenchyma. These segmentations were manually delineated by trained
image analysts. Additionally, all images and parametric maps were registered prior
to this study to ensure spatial alignment across modalities. Specifically, images
were registered using the T1-MOLLI image at TI = 1300 ms as fixed reference
image. Example images from the T1-MOLLI, DWI, and T2* sequences acquired
with varying parameters can be found in Appendix A.
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3.2 Data Exclusion
The initial step in the data processing involved handling the input data to sup-
port downstream training of the segmentation algorithm. Images from the dataset
were manually reviewed to assess image quality, and to do an inventory of which
imaging modalities and parametric maps are available for each patient visit. Some
visits lacked one or more MRI sequences or were missing corresponding segmenta-
tion labels, which are essential for supervised learning. Thus, as a first processing
step, data were inspected to exclude potential subjects with incomplete image data.
Additionally, images were excluded due to image quality issues, such as poor im-
age, presence of larger imaging artifacts, or abnormalities affecting overall clarity or
visualization of the kidney. These exclusion criteria can be summarized as follows:

1. incomplete MRI data (e.g. missing registered T1-MOLLI images or T1 map)
2. missing or incomplete ground truth segmentation maps (e.g. missing cortex

segmentation)
3. inconsistent slice count between images and corresponding segmentation map
4. poor image quality, such as pronounced artifacts (e.g. zebra stripes) or low

contrast
5. presence of large renal lesions (∅>30 mm)

After applying these exclusion criteria, the final dataset consisted of 37 scans (8
from site A and 29 from site B).

3.3 Dataset Split
Given the limited size of the dataset after exclusion, the split was set to include
as many training samples as possible, while still having data for validation and
test available. To prevent data leakage, the dataset was split scan-wise, meaning
that no data from the same patient scan appears in more than one subset. The
MRI dataset was randomly split into three subsets for training (27 scans, 75%),
validation, (6 scans, 15%) and testing (4 scans, 10%). Efforts were made to ensure
a balanced distribution of renal volumes across the data splits.

3.4 Data Pre-processing
Before being input into the segmentation network, the image volumes go through
several pre-processing steps. This pipeline included generating binary ground truth
masks from manual segmentations, scaling and normalizing brightness and intensity
values, and applying data augmentation techniques to increase variability in the
dataset using the MONAI library. To further address the limited size of the dataset,
a patch-based approach was used during training. This involved randomly cropping
the original images into smaller patches, helping the model learn from a greater
variety of spatial contexts.
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3.4.1 Creation of Ground Truth Masks
The manually segmented ground truth masks were created by trained image analysts
at Antaros Medical, who annotated the original MR images using green and cyan
overlays to indicate the parenchyma and cortex in the left and right kidneys. These
color-coded annotations served as the reference for generating binary segmentation
labels. To convert the color segmentations into useful segmentation labels that serve
as ground truth during training of the CNN, a series of transforms were applied.
The first transform used was ForeGroundMaskd, with the input being the color-
annotated ground-truth segmentation. Within this transform, a custom HSV filter
was applied to isolate the green and cyan annotations from the grayscale background,
effectively removing non-relevant pixels. This process generated a binary mask for
each endpoint, which was then used as a label for the network.
An example of the of manually segmented ground truth mask and resulting binary
mask for both parenchyma and cortex is shown in Figure 3.2.

Figure 3.2: Example of ground truth segmentation and corresponding binary
masks after applied transformations. From left to right: parenchyma ground truth,
parenchyma binary mask, cortex ground truth, and cortex binary mask. The manu-
ally segmented ground image shows the left kidney (cyan) and right kidney (green),
annotated by image analysts.

3.4.2 Brightness and Intensity Scaling
The MR acquisition and processing technique assigns intensity values to each voxel,
reflecting the strength of the signal in the specific region. However, these values can
vary significantly between scans due to various external factors, including scanner
settings, patient movement, or background noise. Additionally, the tissue pathology
also influences image contrast. For example, patients with CKD often exhibit re-
duced tissue contrast compared to healthy individuals. This inconsistency can affect
overall brightness and intensity in acquired images, and generate differences even
across scans from the same patient.
When combining data from different MRI sequences or modalities, these variations
become even more pronounced. Each sequence can produce images with varying
intensity distributions and contrasts, even for the same anatomical structures. To
address this, and to be able to combine images with various intensities as multi-
channel input in this work, histogram normalization was applied to the MRI data
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using HistogramNormalized. This technique redistributes intensity values to en-
hance contrast and rescale them between 0 and 1, which enhanced the visibility of
renal structures like cortex and medulla, while making intensity values more consis-
tent across the dataset.
For the parametric maps, which have very different intensity distributions compared
to standard MR images, a different strategy was used. The ScaleIntensityRanged
transform was applied individually to each parametric map. Based on inspection of
the corresponding intensity histograms, specific input ranges were chosen and scaled
to the [0, 1] interval. This approach enabled customized normalization, ensuring
consistent scaling across maps despite large variations in raw intensity values.

3.4.3 Splitting into 2D Slices
The proposed model operates on 2D input slices extracted from volumetric (3D)
images. To accommodate this input format, a pre-processing step was required to
convert each 3D volume into a series of 2D slices. This was achieved by applying
a custom function that systematically iterates through the depth dimension of each
volume, extracting one slice at a time. As a result, each 3D image was converted into
a series of 2D slices matching the original acquisitions, significantly increasing the
total number of training samples available for the model. Additionally, all slices were
resized to 256×256 to ensure consistent spatial resolution throughout the dataset.

3.4.4 Augmentations
Data augmentation is a widely used technique in machine learning, particularly use-
ful when working with limited datasets. It helps improve model generalization by
introducing variability into the training data. In this work, augmentations were
implemented using MONAI’s dictionary-based transforms, ensuring consistent ap-
plication to both images and their corresponding labels.
A key strategy to address the limited dataset was using a patch-based approach,
where the original training images were randomly cropped into smaller patches. This
not only increased the number of training samples but also ensured the patches were
small enough to fit into GPU memory. Specifically, the RandCropByPosNegLabeld
transform was used to extract patches based on a defined ratio of foreground and
background. For each training image, four patches of size 160×160 were generated.
Given the relatively small size of the kidneys in the full input image, patches were
sampled with a probability condition (p = 0.5) of being centered on foreground
regions to ensure sufficient coverage of the ROI.
To further increase the size and variability of the training data, additional augmen-
tations were applied to the extracted patches. These included random scaling, rota-
tion and zooming to simulate anatomical differences. Additionally, random contrast
adjustments were introduced to account for variations in acquisition conditions.
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3.5 Network Configuration
A 3D ResUNet architecture proposed by Inoue et al. (2023) was identified as a strong
baseline for this thesis in kidney segmentation, due to its demonstrated performance
on a similar task and its use of residual connections to enhance feature learning [7].
The proposed architecture, seen in Figure 3.3, follows a U-Net structure with four
downsampling steps. Each step includes a max pooling layer that reduces the spa-
tial dimensions by a factor of two, resulting in a total downsampling of 24. The
number of filters in the convolutional layers increases progressively, using 16, 32,
128, and 256 filters, respectively. A key feature of the network is the inclusion of
two residual connections for each convolutional block, which as mentioned in the
introduction helps maintain gradient flow and improve training stability. While the
original ResUNet was designed for 3D segmentation, this project implements a 2D
adaptation of the architecture. Additionally, dropout layers were added to help
prevent overfitting during training, which was particularly important given the lim-
ited size of the dataset. The proposed network configuration is designed to handle
multi-dimensional inputs, making it suitable for processing multi-channel data.

Figure 3.3: Overview of proposed 2D ResUNet architecture. The left side shows
the downsampling path with residual units, where convolutional channels increase
from 16 to 256 to extract features. The right side correspond to the upsampling
path, where channels decrease from 256 to the number of output classes, combined
with skip connections.
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3.6 Model Implementation and Experimental Setup

The following subsections describe the experimental setup and implementation de-
tails of proposed segmentation models based on the above-mentioned network archi-
tecture. This includes the design of three main experiments conducted to evaluate
different segmentation approaches, and the types of MRI input data used, including
single-modality, multi-channel, and multi-modal setups.

3.6.1 Single-Channel T1-MOLLI-based Segmentation
The primary experiment evaluated the performance of the proposed network configu-
ration on T1w kidney images, specifically its ability to accurately segment parenchyma
and cortex. The T1-MOLLI sequence was selected as a starting point due to its
higher corticomedullary differentiation (CMD), providing visible contrast between
the cortex and medulla.
Using the above-mentioned network architecture, two distinct segmentation strate-
gies were implemented and compared. The 2D slice-wise approach was compared
to a 3D implementation of the network, similar to the one proposed in the original
reference work. This setup allowed for a comparative study between a volumetric
segmentation method and a slice-wise approach. Experiments were performed to
investigate whether spatial relationships between adjacent slices could be leveraged
to improve segmentation performance.
To ensure robustness in performance evaluation, a 6-fold cross-validation was used
instead of the conventional train-validation-test split. This offered a more robust
assessment of the overall network performance in the early experimental phase by
minimizing bias in model evaluation. Specifically, the full dataset was divided into
six equally sized folds. In each iteration, one fold served as the validation set while
the remaining five were used for training. This iterative process ensures that each
subset serves as the validation set exactly once, providing insights to the network
performance on data with varying distribution.

3.6.2 Multi-Channel T1-MOLLI-based Segmentation
After evaluating the network’s overall performance on the dataset, an experiment
was conducted using combinations of multiple TIs as channel-wise input to the
model. This approach aimed to determine whether segmentation performance and
generalizability could be improved by leveraging the varying contrasts provided by
different TIs. To identify the optimal combination, each TI was individually input
into the model and evaluated based on segmentation performance. These were then
combined into a multi-channel input, with the goal of utilizing the unique features of
each TI. The proposed method utilizes early fusion of the inputs to a multi-channel
input image that can be fed into the segmentation network.
The best-performing configuration was then fine-tuned to maximize the model per-
formance, incorporating additional data augmentations and dropout layers to en-
hance generalization.
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3.6.3 Multi-Modal Segmentation Integrating DWI and T2*
As a final experiment, the initial segmentation approach, using only T1-MOLLI
image data as input, was extended to incorporate multi-modal MRI data. Instead
of relying on a single imaging sequence, the approach was extended to combine both
DWI and T2* mapping images as inputs to evaluate whether integration of multiple
image modalities could improve segmentation performance and generalizability.
Following a similar strategy to the proposed multi-channel T1-MOLLI approach,
multi-channel inputs were constructed by concatenating DWI images acquired at
different b-values and T2* mapping images captured at varying echo times. Addi-
tionally, parametric maps derived from all three modalities were added as inputs. By
allowing a CNN to process these inputs simultaneously, it was investigated whether
it can simultaneously process complementary information across modalities to learn
a richer and more diverse representation of tissue characteristics.
Since ground truth volume segmentations were not available specifically for the DWI
and T2* modalities, segmentation masks were generated by resampling existing
MOLLI segmentations. Five MOLLI ground truth slices were selected to match
corresponding slices in the DWI and T2* datasets. These served as a new ground
truth set for training and evaluating the multi-modal segmentation model.

3.7 Training and Evaluation
All models were trained on a NVIDIA GeForce RTX 2080 Ti GPU until convergence,
for up to 4000 epochs. To accelerate the training process, MONAI’s CacheDataset
was used, which caches transformed data into memory during training. Adam op-
timizer was used, with a set learning rate of 10−4. Model performance was contin-
uously monitored using validation loss, where the best-performing model was saved
at the lowest validation loss during training.
For evaluation of segmentation performance, the segmentation output was compared
to manual ground truth annotations. The output probabilities were passed through
a sigmoid activation to obtain binary masks. The segmentation overlap was then
evaluated using both Dice score and IoU. These metrics were computed slice-wise
during training and validation, and then aggregated to provide an overall mean.
Both metrics were computed separately for the renal parenchyma and cortex, offering
insight into segmentation accuracy and precision across the two target regions.
During evaluation, the entire image slice was processed step by step using a sliding
window with the shape 160×160 and a 50% overlap along each spatial dimension.
In overlapping regions, outputs were averaged to produce the final prediction. Zero-
padding was applied to the edges of each slice as needed.

3.8 Post-processing
To refine the raw model predictions and prepare them for downstream analysis, a
series of post-processing steps were applied. First, small objects were removed from
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the output segmentation masks using the RemoveSmallObjects transform, which
filters out isolated clusters of pixels below a given size threshold. This helped reduce
noise and false positives in the resulting segmentation output. An example of this
transformation is illustrated in Figure 3.4.

Figure 3.4: Visualization of the RemoveSmallObjects transform in MONAI, here
removing clusters with 100 pixels or less. Figure adapted from MONAI [45].

Since 2D slices were segmented independently, an essential post-processing step
was the aggregation of the predicted slices into a reconstructed 3D volume. This
volumetric assembly ensured the predicted segmentation aligned spatially with the
original input scan, and was necessary for a more accurate quantification of the
endpoints. Since the model segments both kidneys bilaterally, the final prediction
volume was divided at the midline to separate the left (SIN) and right (DX) kidneys.
This allowed for computation of kidney volume and tissue-specific parameters (T1,
ADC, T2*) for each kidney separately.

3.9 Volume Quantification
Once the predicted masks for each scan were generated and post-processed, kidney
volume measurements were obtained from the predicted masks by summing the total
number of voxels corresponding to parenchyma and cortex separately for each scan.
The sum of voxels was then scaled by the voxel dimensions of the respective scan,
resulting in the total kidney volume in milliliters for both the SIN and DX kidneys.
The quality of the segmentation and the model’s ability to automatically quantify
renal volumes were assessed by evaluating how well the predicted endpoint values
matched the reference values, computed from manually created segmentations. This
was quantified using the coefficient of determination (R2), which provides a measure-
ment of the correlation between predicted and reference volumes. The volumetric
analysis was performed across all data splits, highlighting differences in how well the
model had adapted to the training data, the distribution of training data volumes,
and the accuracy of volume predictions on the validation and test data.
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3.10 Quantification of Parametric Values
To quantify the parametric values, median values in the renal cortex and medulla
respectively were extracted from parametric maps using the predicted segmentation
masks. The medulla region was derived by subtracting the predicted cortex mask
from the parenchyma mask, both of which were obtained from the model’s output.
This resulted in a binary medulla mask, excluding the cortical regions.
Before extracting parametric values of the two tissues, both the cortex and medulla
masks were refined using binary erosion. Erosion was applied with a square struc-
tural element to shrink the ROI, removing edge pixels that may contain noise or par-
tial volume effects. This step ensured that the extracted values were representative
of the central, more reliable tissue regions, and not influenced by misclassifications
at the outer MR slices. An example of erosion using a 3×3 structural element is
illustrated in Figure 3.5

Figure 3.5: Effect of erosion using a 3×3 structural element.

After applying erosion, the refined cortex and medulla masks were applied to the
original parametric maps (T1, ADC, and T2*) to calculate the median of the in-
tensity values within the mask. As the parametric maps are sensitive to variations
outside the ROI, where intensity values can vary significantly, extracting the me-
dian value ensures that the resulting values are more representative of the true tis-
sue characteristics and less sensitive to outliers. For each image volume, pixel-wise
parametric values were aggregated across a number of consecutive centered slices to
reduce slice-to-slice variability. Lastly, the resulting median values were compared
against reference values provided by image analysts using R2 correlation values.
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In this chapter, the results from the training and evaluation of the implemented seg-
mentation network are presented. It begins with a brief overview of the dataset and
key findings from data exploration. The subsequent sections follow the structure of
the experimental setup. First, results from single-channel segmentation of the renal
parenchyma and cortex using T1-MOLLI images are presented. This is followed by
results from multi-channel segmentation experiments using multiple inversion times
from T1-MOLLI, along with the quantification of kidney volume and median T1
values. Finally, the chapter concludes with results from multi-modal segmentation
that integrates DWI and T2* input data, including the quantification of ADC and
T2* values for both cortex and medulla.

4.1 Data Exploration
Exploration of the dataset revealed the presence of multiple artifacts that affected
image quality and the visibility of key anatomical structures of the kidney. Zebra
stripe artifacts were among the most prevalent, appearing with differing severity
across scans. While images with severe distortions that obscured renal boundaries
were excluded due to potential impairment of segmentation performance, small ar-
tifacts with minimal impact on the ROI were retained. Examples of such images
are presented in Figure 4.1, which illustrates the range of artifacts observed.

Figure 4.1: Examples of MRI artifacts and image distortions observed in the
dataset. Yellow arrows highlight regions impacted by zebra striping and poorly
defined kidney boundaries.
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The leftmost image shows visible zebra striping. In this case, the artifact was deter-
mined to have little impact on the ROI, and the image was retained in the dataset.
The second image shows blurring of the upper boundaries of the kidneys, likely
caused by banding artifacts in outer slices. The third image shows poorly defined
kidney edges, likely from partial volume effects. These distortions were commonly
observed throughout the dataset, posing challenges for the segmentation models.

4.2 Single-channel T1 MOLLI-based Segmentation
To evaluate the performance of the 2D and 3D segmentation approaches for renal
parenchyma and cortex, four models were trained using 6-fold cross-validation and
TI1400 as input. Each model was evaluated individually and the results were av-
eraged across folds. The results are presented in Table 4.1, showing the average
performance and standard deviation of across the cross validation experiments.

Table 4.1: 6-fold cross validation results for 2D and 3D ResUNet models. Perfor-
mance metrics are shown as mean ± standard deviations across all folds.

Network Endpoint Dice IoU

3D ResUNet Parenchyma 0.8290 ± 0.0254 0.7112 ± 0.0372
Cortex 0.6925 ± 0.0321 0.5335 ± 0.0372

2D ResUNet Parenchyma 0.8721 ± 0.0292 0.7930 ± 0.0365
Cortex 0.7942 ± 0.0248 0.6753 ± 0.0280

As shown in Table 4.1, the 2D ResUNet outperformed the 3D ResUNet in terms of
both Dice and IoU. For parenchyma segmentation, the 2D model achieved a mean
Dice of 0.8721 ± 0.0278 compared to 0.8290 ± 0.0242 for the 3D model. A similar
trend was observed for cortex segmentation, where the 2D model reached a mean
Dice of 0.7942 ± 0.0236, notably higher than the 3D model’s 0.6925 ± 0.0327. The
IoU scores followed the same pattern, further suggesting that the 2D ResUNet was
more effective at both segmentation tasks.
Figure 4.2 illustrates a comparison of example segmentation outputs for the center
slice of two patient scans. While the parenchyma segmentation are comparable for
both 2D and 3D ResUNet, the cortex segmentation output clearly differs between
the two architectures. In the parenchyma case, both models struggle to accurately
delineate the outer kidney boundary. These challenges become more apparent in
the cortex segmentation task, where the renal cortex’s complex structure introduces
more intricate boundary regions. The segmentation overlays demonstrate that the
2D ResUNet provides more accurate cortex delineation compared to the 3D Re-
sUNet. In the 3D model overlays, a higher occurrence of false positives is observed,
particularly in regions corresponding to the medullary pyramids. This leads to
outputs that more closely resemble parenchyma segmentation, indicating a reduced
performance in distinguishing cortical boundaries. These observations are consistent
with the quantitative performance metrics shown in Table 4.1, which confirm the
superior performance of the 2D model in segmenting the parenchyma and cortex.
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Figure 4.2: Comparison of segmentation results for (a) renal parenchyma and
(b) renal cortex using 2D ResUNet and 3D ResUNet models. The figures illustrate
the original image, ground truth segmentation label, and overlay of image, label and
model predictions, where true positives (TP) are represented in green, false positives
(FP) in red, and false negatives (FN) in blue.
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4.3 Multi-channel T1 MOLLI-based Segmentation
To explore the impact of multi-dimensional input data, each available TI image and
the T1 map were first evaluated individually as single-channel inputs. This experi-
ment aimed to determine the standalone contribution of each input to segmentation
performance. Segmentation performance was assessed for both renal parenchyma
and cortex using standard performance metrics on the validation and test sets. The
results for each input channel are summarized in Table 4.2 - 4.3.

Table 4.2: Parenchyma segmentation performance using single-channel input im-
ages of different inversion time (TI).

Input Val Dice Val IoU Test Dice Test IoU
TI200 0.8148 0.7109 0.8310 0.7125
TI800 0.8443 0.7676 0.7878 0.7050
TI1400 0.8584 0.7955 0.8488 0.7717
TI2000 0.8517 0.7773 0.7982 0.7037
TI2500 0.8291 0.7513 0.8019 0.7068
T1-map 0.8911 0.8204 0.8520 0.7740

As can be seen in the results, the T1 map consistently achieved the best overall
performance among the single-channel inputs. For parenchyma segmentation, the T1
map yielded the highest Dice scores on both the validation and test sets (0.8911 and
0.8520, respectively). The best-performing individual TI was 1400 ms, which also
demonstrated strong segmentation accuracy, with validation and test Dice scores
of 0.8584 and 0.8488. A similar pattern can be observed for cortex segmentation,
where the T1 map again led to the best performance on the validation set, achieving
a Dice score of 0.8155 and IoU of 0.7013. However, the best performance on the test
set was obtained with TI1400, which reached a Dice score of 0.8196.

Table 4.3: Cortex segmentation performance using single-channel input images of
different inversion time (TI).

Input Val Dice Val IoU Test Dice Test IoU
TI200 0.7024 0.5508 0.6970 0.5498
TI800 0.7491 0.6211 0.7432 0.6163
TI1400 0.7868 0.6749 0.8196 0.7090
TI2000 0.7710 0.6511 0.7588 0.6404
TI2500 0.7543 0.6292 0.7382 0.6134
T1-map 0.8155 0.7013 0.7898 0.6787

Various combinations of inversion times were evaluated as multi-channel inputs to
the 2D ResUNet. Starting with TI1400 and T1 map as a base input, additional
input channels were systematically added or removed to enhance segmentation per-
formance. The results from the top five performing models for parenchyma and
cortex segmentation are presented in Table 4.4 and Table 4.5, respectively.
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Table 4.4: Comparison of the top five multi-channel input combinations for seg-
mentation of the renal parenchyma.

Input Val Dice Val IoU Test Dice Test IoU
TI1400 + T1map 0.8799 0.8158 0.8691 0.8011
TI1400, 2000 + T1map 0.9018 0.8399 0.8914 0.8217
TI200, 800, 1400, 2000 + T1map 0.9055 0.8454 0.8959 0.8275
TI800, 1400, 2000, 2500 + T1map 0.9139 0.8504 0.8735 0.8027
All input channels 0.9085 0.8470 0.8410 0.7650

Increasing the number of input channels improved model performance, enhancing
segmentation accuracy on both validation and test sets. One of the best-performing
multi-channel input configurations was the combination of dropping the inversion
time of 2500 ms. The model trained on this input combination achieved a validation
Dice score of 0.9055 and a test Dice score of 0.8959 for parenchyma segmentation,
along with the second-highest IoU scores for both validation and test data.
The model trained with all available input channels showed high validation per-
formance but notably lower test performance. In contrast, models trained with
carefully selected input combinations achieved better test results, as indicated by im-
proved evaluation metrics. A similar trend was observed in another top-performing
model where the 200 ms inversion time was excluded. This model achieved the
highest validation Dice score of 0.9139 and a validation IoU of 0.8507. However, its
performance on test data was lower compared to other models.

Table 4.5: Comparison of the top five multi-channel input combinations for seg-
mentation of the renal cortex.

Input Val Dice Val IoU Test Dice Test IoU
TI1400 + T1map 0.7992 0.6219 0.8212 0.7110
TI1400, 2000 + T1map 0.8253 0.7150 0.8182 0.7123
TI800, 1400, 2000 + T1map 0.8280 0.7219 0.8223 0.7106
TI200, 800, 1400, 2000 + T1map 0.8242 0.7166 0.8392 0.7396
All input channels 0.8267 0.7196 0.8272 0.7184

For cortex segmentation, the multi-channel experiments showed that combining in-
version times that individually yielded the highest segmentation performance im-
proved accuracy. Similar to segmentation of the parenchyma, including all channels
led to one of the top-performing models, but with slightly reduced performance on
the test data. Notably, the model that included all inversion times except the 2500
ms image demonstrated consistently high performance across both validation and
test datasets for cortex segmentation as well. This input configuration achieved a
validation Dice score of 0.8267 and IoU of 0.7196, as well as a test Dice score of
0.8272 and IoU of 0.7184. These results indicate a good balance between model
accuracy and generalization to unseen data.
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4.3.1 Performance of Fine-tuned T1-MOLLI Model
Fine-tuning of the 2D ResUNet architecture was done with the goal of improving
accuracy and robustness of the model. A multi-channel input of five channels rep-
resenting different inversion times and the parametric T1 map, previously identified
as optimal for both anatomical regions, were used as input to the network. Given
that this input combination proved to be optimal for both parenchyma and cor-
tex, a multi-label approach was also explored, training a single model to segment
both ROIs simultaneously. Its performance was compared against single-label mod-
els for segmenting parenchyma and cortex separately, as summarized in Table 4.6.
To enhance generalization, additional data augmentation were applied, along with
dropout (p = 0.1) for regularization. Both model configurations were then trained
to convergence using the Adam optimizer with a learning rate of 10−4.

Table 4.6: Comparison of the performance of single-label and multi-label segmen-
tation models trained on multi-channel T1-MOLLI input.

Network Val Dice Val IoU Test Dice Test IoU
Single-label (2D ResUNet)

Parenchyma 0.9130 0.8534 0.8962 0.8254
Cortex 0.8352 0.7260 0.8466 0.7428

Multi-label (2D ResUNet)
Parenchyma 0.9298 0.8737 0.9089 0.8453
Cortex 0.8614 0.7598 0.8552 0.7557

As shown in Table 4.6, the multi-label network outperformed the performance of
the models segmenting both segmentation endpoints separately. For instance, the
multi-label model achieved a Dice score of 0.9298 and 0.8614 for parenchyma and
cortex respectively on the validation set, compared to 0.9130 and 0.8352 for the
separate segmentation models. Notably, the multi-label model also demonstrated
strong generalization to unseen test data, with Dice scores of 0.9089 (parenchyma)
and 0.8552 (cortex). The Dice loss and segmentation performance during training
the multi-label network is seen in Figure 4.3.
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Figure 4.3: Training and validation performance of the proposed multi-label 2D
ResUNet, showing Dice loss and evaluation metrics progress during training (Adam
optimizer, learning rate of 10−4). Dice score and IoU are reported separately for the
parenchyma and cortex, as well as averaged across both regions.

Figure 4.4 shows example segmentations of the renal parenchyma using the proposed
multi-channel model. Qualitatively, the model demonstrates a high degree of accu-
racy in delineating the whole parenchymal region. Despite false detections along the
kidney’s outer boundaries, the predicted segmentations are overall comparable to
the manual annotations. The segmentation results further indicate that the model
is effective in identifying more complex anatomical features, such as regions where
the kidney is closing up or contains smaller cysts. Furthermore, the model was able
to delineate the kidney in outer slices, where the target region is small. However,
performance inconsistencies were observed between scanner types. Specifically, in
images acquired with the A-scanner, the model exhibits worse segmentation perfor-
mance, particularly in the upper portions of the kidney. This effect could not be
seen in test images from the B-scanner.
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Figure 4.4: Representative examples of parenchyma segmentation results from two
test cases: a) scan acquired at site A, and b) scan from site B. Each figure shows
selected image slices with the predicted segmentation mask, as well as an overlay on
the TI 1400 ms image. The color coding in the overlays is as follows: green - true
positives, blue - false negatives, and red - false positives.

While the multi-channel model provides consistent results on unseen data, certain
patterns of failure cases can be observed, as illustrated in Figures 4.5 - 4.7. Partic-
ularly, results indicate oversegmentation in the renal pelvis region, which appears
as false positives in that area. On the other hand, undersegmentation tends to oc-
cur in slices corresponding to the most anterior and posterior parts of the kidneys,
where the model is more conservative than the manual annotations. Additionally,
the outermost slices containing only background and no kidney tissue, proved chal-
lenging for the model, often resulting in false positive predictions where non-kidney
structures were incorrectly segmented as kidney tissue.
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Figure 4.5: Examples of renal parenchyma segmentation results, illustrating clas-
sification outcomes where the model oversegments in the renal pelvis region. The
color coding is as follows: green - true positives, blue - false negatives, and red -
false positives.

Figure 4.6: Examples of renal parenchyma segmentation results, illustrating classi-
fication outcomes where the model undersegments in the most anterior and posterior
parts of the kidney. The color coding is as follows: green - true positives, blue -
false negatives, and red - false positives.

Figure 4.7: Examples of renal parenchyma segmentation results, illustrating clas-
sification outcomes where the model falsely predicts other structures in background-
only slices. Red indicates false positives.
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Figure 4.8 presents example segmentation results for the renal cortex. By evaluating
the model’s ability to predict cortex regions, it can be observed that outer cortical
boundaries are generally delineated with high precision. However, it is obvious that
the segmentation quality is reduced in the inner cortex regions, particularly near
the medulla and renal columns. The results indicate that both FP and FN occur in
these regions, indicating a reduced robustness and performance of the model in more
complex anatomical regions. This observation aligns with the quantitative results,
where both Dice and IoU scores are significantly lower for cortex segmentation.

Figure 4.8: Representative examples of cortex segmentation results from two test
cases: a) a scan acquired at site A, and b) a scan from site B. Each figure shows
selected image slices with the predicted segmentation mask, as well as an overlay on
the TI 1400 ms image. The color coding in the overlays is as follows: green - true
positives, blue - false negatives, and red - false positives.

4.3.2 Quantification of Kidney Volume

The fine-tuned, multi-label segmentation model was evaluated on its predictive abil-
ities in terms of quantifying renal parenchymal and cortex volume, as well as the
median T1 value of cortex and medulla, respectively. Given the generated output
predictions for each ROI, precise volume measurements for SIN and DX kidneys
could be calculated. The results of a volume-wise comparison from manual and
automatic segmentations are shown in Figure 4.9.
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Figure 4.9: Correlation of ground truth and predicted volume for parenchyma and
cortex. The identity line represents perfect correlation between the CNN-predicted
and ground-truth segmentation. Grey area corresponds to a 5% volume difference.

The parenchymal volume estimates using summation of the voxels in the ground
truth segmentations correlate well with the results obtained by summing up voxels
annotated automatically by the designed neural network. The coefficient of deter-
mination for the validation set was 0.99 (SIN) and 0.97 (DX), while the test set
achieved R2 values of 0.95 (SIN) and 0.90 (DX). Furthermore, the predictions are
in good accordance with the line of identity. Overall, the model showed better per-
formance on the left (SIN) kidney, with higher correlation values observed on both
the validation and test sets. The majority of data points fall within a 5% difference
margin, with some data points towards the outer boundary of this interval.
The correlation is slightly weaker for the cortex volume estimation, particularly in
the validation and test set achieving val: R2 of 0.91 (SIN) and 0.80 (DX) and test:
R2 of 0.80 (SIN) and 0.77 (DX). Although predicted cortex volumes generally follow
the identity line, similar to parenchymal estimation, greater volume differences can
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be observed, resulting in some predictions outside the 5% limit. This suggests
reduced model precision in cortex volume prediction compared to parenchyma, as
also indicated by the segmentation performance metrics. It can be observed that
the variability of the cortex volume prediction is larger than for parenchyma, and
that the differences between left and right kidneys are more obvious. For instance,
the model tends to underestimate of cortical volume of the SIN kidney in the test
set whereas this behavior is less obvious for the DX kidney. Furthermore, there are
consistent results between the left and right kidneys, where the SIN kidney gets
better correlation values for both segmentation endpoints.

Further analysis on the model’s ability to quantify renal volumes are visualized in
the Bland-Altman plots, Figure 4.10. These plots illustrate the agreement between
the automatically and manually predicted kidney volumes for renal parenchyma and
cortex, highlighting percentage differences and any potential systematic bias in the
predictions.

Figure 4.10: Bland-Altman plots of agreement for volume prediction and ground
truth volume for parenchyma and cortex. Mean and standard deviation (SD) are
calculated globally across all data sets. The solid line represents the mean, while the
dashed lines indicate the limits of agreement, calculated as the mean ±1.96 times
the SD.
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These plots reveal a consistent overestimation bias in the predicted volumes, ob-
served for both parenchyma and cortex across both kidney lateralities. While this
bias is small, this indicates that the model tends to overestimate the volume. Estima-
tion of parenchymal volume, for both left (SIN) and right (DX) kidney, show a mean
volume difference (%) across all data splits of +2.02% and +2.88%, respectively, in-
dicating this overestimation. Furthermore, the mean and limits of agreement for
both lateralities in parenchyma are similar, indicating that there is no obvious bias
depending on the laterality of the kidney.
Similar to parenchymal volume estimation, cortex volume is overestimated as well,
looking across all data splits. While cortex estimation demonstrates a small global
bias for SIN kidney (+3.28%), the DX kidney have the highest mean volume dif-
ference (+7.61%). However, while the training set shows low variability and high
consistency in estimating cortical volume, the variability in both validation and test
set is substantial, resulting in outliers outside the limits of agreements. For both
lateralities, the variability is particularly increased for small-to-mid size kidneys,
indicated with larger relative error.

Table 4.7: Mean ± SD of volume difference (in %) between predicted and delivered
volumes, across kidney regions and dataset splits.

Dataset Parenchyma SIN Parenchyma DX Cortex SIN Cortex DX
Train 1.81 ± 2.61 2.79 ± 5.14 2.11 ± 2.46 3.66 ± 3.42
Validation 2.63 ± 2.86 2.79 ± 3.92 8.42 ± 15.86 9.56 ± 7.16
Test 3.53 ± 4.68 3.38 ± 2.19 -4.58 ± 5.58 0.76 ± 8.89

The Bland-Altman analysis summarized in Table 4.7 evaluates the agreement be-
tween predicted and manual kidney volumes across parenchyma and cortex re-
gions, for left (SIN) and right (DX) kidneys, and stratified by dataset split. Over-
all, parenchymal volume predictions demonstrate consistent performance, with low
mean differences and relatively stable variability across training, validation, and test
sets. This indicates that the model maintains good generalization when estimating
parenchymal volume, regardless of kidney side or dataset split.
In contrast, cortical volume estimates show more variability. While training perfor-
mance is relatively stable, with mean volume difference is +1.81% and +2.79% for
SIN and DX kidney and standard deviation of 2.61% and 5.14% for SIN and DX
kidney, validation and test results show higher discrepancies and inconsistent bias.
No obvious trends can be seen between left and right kidneys. This suggests that
the model struggles to generalize cortical predictions beyond the training data.
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4.3.3 Quantification of Median T1 Value
Median T1 values for the cortex and medulla were extracted using refined segmen-
tation masks, where morphological erosion was applied to isolate central regions and
reduce edge effects. For an optimal balance between ROI size and anatomical rele-
vance, a 3×3 square structuring element was found suitable for eroding the cortex
mask by sufficiently reduce uncertainties from outer boundaries while preserving its
anatomical structure. As illustrated in Figure 4.11, the 3×3 erosion successfully
reduced the cortex mask without significantly altering its overall shape. In contrast,
larger structuring elements removed too much of the ROI, leading to loss of relevant
tissue. For the medulla, erosion was found to negatively affect the accuracy of me-
dian T1 quantification. See Appendix B for complete results of the effect of various
sizes of the structural element.

Figure 4.11: Example of post processing / erosion of segmentation mask for (a)
cortex and (b) medulla. From left to right: original segmentation mask and resulting
segmentation mask after erosion with a square structuring element of increasing size.

Results for quantification of median T1 values are presented in Figure 4.12, showing
the correlation between the predicted and delivered reference values for both cortex
and medulla. The model demonstrated strong performance in estimating cortical
median T1 values for both SIN and DX kidneys. A slight overestimation tendency
was observed for the DX kidney, but predictions generally remained within a 5%
deviation from the actual values, indicating high predictive accuracy of the seg-
mentation model. For the medulla, correlation was generally lower due to higher
variability. Despite this, most predictions still fell within the 5% deviation range.
One can observe that, while cortical predictions showed consistency across both kid-
neys, medullary T1 estimations were less accurate for the DX kidney with notably
lower correlation values for all dataset splits. This suggests increased challenges
in achieving high-precision quantification in smaller tissue regions like the medulla,
which are more sensitive to segmentation errors.
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Figure 4.12: Correlation of predicted and delivered median T1 value for cortex and
medulla. The identity line represents perfect correlation between the CNN-predicted
and delivered values. Grey area corresponds to a 5% difference in predicted value.

4.4 Multi-Modal Kidney Segmentation

A multi-modal model was trained using input from DWI, T2* mapping sequences,
and the associated parametric maps ADC, T2*, and T1-MOLLI. Similar to the
multi-channel setup, the model received channel-wise input corresponding to mul-
tiple b-values from DWI and echo times from T2* mapping. The specific input
channels used in the model are listed in Table 4.8.
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Table 4.8: Overview of input channels used in the multi-modal segmentation
model. DWI inputs correspond to multiple b-values and T2* mapping inputs cor-
respond to multiple echo times.

Input Image channels
b-values (s/mm2) 0, 50, 200, 500
Echo times (ms) 3, 8, 14, 20, 25, 30
Parametric maps ADC, T2*, T1

The performance of the multi-modal model incorporating image data from the DWI
and T2* mapping sequences is presented in Table 4.9. Compared to the multi-
channel model, the multi-modal model demonstrated lower performance in all cases.
The reduced accuracy is due to misalignments between modalities, which negatively
impacted the model’s ability to generalize across subjects.

Table 4.9: Comparison of the performance of multi-label segmentation models
using multi-channel T1-MOLLI or DWI and T2* as input. Models are based on a
2D ResUNet structure, segmenting both cortex and parenchyma simultaneously.

Model Val Dice Val IoU Test Dice Test IoU
T1-MOLLI multi-channel

Parenchyma 0.9298 0.8737 0.9089 0.8453
Cortex 0.8614 0.7598 0.8552 0.7557

Multi-modal (DWI/T2*)
Parenchyma 0.8639 0.7859 0.8137 0.7353
Cortex 0.7518 0.6220 0.7139 0.5917

After reaching convergence, the multi-modal model achieved a Dice score of 0.8639
and IoU of 0.7859 on the validation set, and 0.8137 Dice and 0.7353 IoU on the
test set for parenchyma segmentation. Cortex segmentation yielded 0.7518 Dice
and 0.6220 IoU on the validation set, and 0.7139 Dice and 0.5917 IoU on the test
set. These results indicate that the model’s ability to generalize to unseen data
was moderate, with a consistent decline in performance from validation to test sets
for both segmentation targets. Overall, the model underperformed relative to the
earlier multi-channel T1-MOLLI-based approach in terms of evaluation metrics.
Figure 4.13-4.14 show example segmentation outcomes for parenchyma using the
multi-modal segmentation model. While the model generally tends to capture the
full renal parenchyma, obvious failure cases in the segmentation can be observed.
The prediction overlays show that the model struggled with boundary accuracy,
particularly in cases of poor alignment between the T1-MOLLI-based ground truth
and the corresponding DWI or T2* slices. As a result, false detections can clearly
be observed across the test cases, explaining the poor segmentation performance
metrics. Even in cases where the ground truth labels are accurately aligned with
the image, the model struggles more at the kidney boundaries.
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Figure 4.13: Example of renal parenchyma segmentation results from multi-modal
input, illustrating test cases with good image-label alignment. The ground truth
labels closely match the kidney boundaries visible in the underlying T2*w image,
resulting in fewer false detections. The color coding in the overlays is as follows:
green - true positives, blue - false negatives, and red - false positives.

Figure 4.14: Example of renal parenchyma segmentation results from multi-modal
input, illustrating test cases with poor image-label alignment. The segmentation
overlays show how the ground truth label either extends beyond the visible kidney
region or covers only a portion of the kidney as seen in the underlying T2*w image.
The color coding in the overlays is as follows: green - true positives, blue - false
negatives, and red - false positives.

Figure 4.15 show example cortical segmentation using the multi-modal network. Vi-
sual inspection of the overlays showed that, similar to the T1-MOLLI model, the
multi-modal model struggled with accurate cortical segmentation, particularly at
the cortico-medullary boundary. Numerous false positives were observed along the
inner boundaries of the cortex in both central and outer slices, which aligns with
the lower Dice and IoU scores for cortex prediction. As with the parenchyma seg-
mentation, the cortex predictions were also affected by poor alignment between the
modalities, resulting in spatial mismatches that further contributed to segmentation
inaccuracies.
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Figure 4.15: Examples of cortex segmentation results using the multi-modal seg-
mentation model, demonstrating classification performance on test images. Images
show an overlay of ground truth label and prediction output for several slices, su-
perimposed to T2*w images acquired at TE = 3 ms. The color coding is as follows:
green - true positives, blue - false negatives, and red - false positives.

4.4.1 Quantification of ADC and T2* value
Median ADC and T2* values for the cortex and medulla were quantified using
segmentation-derived masks. Morphological erosion was applied to refine the ROIs
and ensure that measurements were confined to the appropriate tissue regions, fol-
lowing the same approach used for T1 quantification.

(a) Manually delineated
mask

(b) Eroded cortex mask (c) Medulla mask

Figure 4.16: Example of manually delineated regions and generated regions: (a)
Manually delineated regions for cortex and medulla on T2* map, (b) generated mask
using erosion for cortex, (c) generated mask using erosion for medulla.

The manually delineated regions were created with high precision, ensuring that the
selected pixels reliably included the intended anatomical structures. These regions
typically reflect conservative selections made with high certainty. In contrast, the
generated masks are derived from volumetric segmentations and tend to include a
broader range of pixels, including areas with lower certainty near tissue boundaries,
despite the application of erosion to minimize such effects.

46



4. Results

Figure 4.17, indicate that there is no obvious correlation between predicted and
reference ADC values across the training, validation, or test datasets, for both cortex
and medulla. A substantial variability can be observed, with many data points
falling outside a 5% difference margin.

Figure 4.17: Correlation of predicted and delivered median ADC value for cortex
and medulla. Model is a proposed multi-modal model (2D ResUNet). The identity
line represents perfect correlation between the CNN-predicted and delivered values.
Grey area corresponds to a 5% difference in predicted value.

Similar to the ADC median intensity quantification, the correlation plots for T2*
values (Figure 4.18) show little to no correlation between predicted and reference
values. However, in contrast to the ADC results, the T2* values are closer to
the reference values. For the cortex, the majority of data points fall within the
5% difference margin, indicating better agreement between predicted and reference
values despite the low correlation. In contrast, a clear trend of overestimation is
observed for the medulla values, suggesting that the medulla masks are still not
properly aligned with the underlying anatomy.
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Figure 4.18: Correlation of predicted and delivered median T2star value for cortex
and medulla. Model is a proposed multi-modal model (2D ResUNet). The identity
line represents perfect correlation between the CNN-predicted and delivered values.
Grey area corresponds to a 5% difference in predicted value.

Overall, the quantification of median intensity values using the multi-modal model
shows limited agreement between predicted and reference values for both ADC and
T2* maps. Although the T2* cortex values demonstrated better alignment with
the delivered values, the overall correlation remained low. The observed deviations,
particularly the consistent overestimation in the medulla, highlight persistent issues
with segmentation accuracy and alignment that affect the reliability of intensity-
based measurements.
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In this chapter, the results are evaluated with a focus on segmentation performance,
model behavior, and potential clinical relevance. Key comparisons and limitations
are also discussed.

5.1 Comparison of 2D and 3D Segmentation
The proposed 2D model demonstrates strong segmentation performance, accurately
capturing fine anatomical structures like the cortex while also maintaining high seg-
mentation accuracy for the parenchyma. In contrast, although the 3D model per-
forms comparably well on parenchyma segmentation, it underperforms in delineating
finer details such as the cortex. This is evident in the overlays, where the 2D model
better captures the boundary between cortex and medulla. These observations are
further supported by cross-validation results, where the 2D model consistently out-
performs the 3D model. Although both models show similar standard deviation
values across folds, indicating consistent performance across the dataset, the 2D
approach proves more effective for this specific segmentation task.
In general, 3D models excel when there is a spatial relationship between slices in
the volume, utilizing depth information to identify details between slices. However,
in this study, true 3D spatial relationships are not present in the data, as image
volumes are formed by stacking 2D slices acquired at different time points. This
synthetic volume construction introduces challenges for a 3D network, as patient
motion between acquisitions can disrupt spatial alignment. It is likely that the
slice-wise acquisition does not provide any additional information, and that the 3D
model is unlikely to benefit from the additional dimension, making the 2D model
more effective in this case.
Furthermore, a 3D implementation introduces greater computational costs. Due to
memory constraints, it often requires smaller input or batch sizes during training,
which can negatively affect model convergence and generalization. This, combined
with the limited number of image volumes available, likely impacted the 3D model’s
ability to learn meaningful features. In contrast, the 2D model takes advantage of
a larger effective training set, as each 3D volume is decomposed into multiple slices
at the input-stage. This not only increases the dataset size significantly, but also
allows the model to focus on local contrast patterns within each slice. Inoue et al.
[7] trained their 3D ResUnet on 100 image volumes and achieved a Dice score of
0.902 ± 0.034 for parenchyma segmentation. In contrast, the 3D model in this thesis
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was constrained by a substantially smaller dataset of 37 image volumes, but would
likely benefit a lot from a larger dataset. As a result, the 2D model becomes more
effective in this setting, especially when volumetric data is limited.

5.2 The Effect of Multi-Channel Inputs
Following the decision to proceed with the 2D model due to its improved performance
in capturing fine details such as CMD, the next step was to enhance its segmenta-
tion accuracy by integrating multi-channel inputs. By incorporating multiple input
channels, each representing different contrast properties, the network could learn
a more diverse and informative set of features. This proved especially useful for
highlighting anatomical boundaries and tissue variations within the kidney. Differ-
ent inversion times from the T1-MOLLI sequence produce varying contrast levels
based on the magnetization recovery of tissues with different relaxation times. By
presenting these images as separate input channels, the model was able to benefit
from resulting contrast variations and use complementary information to improve
cortico-medullary differentiation and boundary detection.
In the T1-MOLLI-based model, four TIs were selected based on their individual con-
tributions to tissue contrast, detailed in 4.2 and Table 4.3. Lower TIs offered strong
CMD contrast, which supported accurate segmentation of internal structures like
the cortex and medulla, while higher TIs contributed to better boundary detection.
When combined with the parametric T1 map, which provided high CMD contrast
and yielded the best individual segmentation performance, the multi-channel setup
resulted in robust segmentation for both the cortex and parenchyma.
It is important to note that increasing the number of input channels does not in-
herently lead to better performance and model accuracy. Rather, the effectiveness
of multi-channel input depends on the contrast and complementary information of
the selected input channels. Including TIs with poor tissue contrast or low image
quality can introduce noise, reduce the model’s ability to distinguish meaningful
features, and ultimately impact the overall segmentation performance. This is par-
ticularly important in regions with subtle intensity differences, such as the cortex
and medulla, where reduced contrast may reflect underlying pathology, as low CMD
is characteristic of CKD.
This highlights the importance of careful selection of input channels, which provide
unique and meaningful information relevant to the segmentation task, rather than
maximizing their number. In theory, this approach follows the basic idea behind
how deep learning models learn features from multiple inputs. Increased input rep-
resentations can improve generalization, but only when they add useful information
without introducing unnecessary noise. Essentially, the effectiveness of a multi-
channel approach depends more on the quality and relevance of the input channels
than on their quantity.
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5.3 The Effect of Multi-modal Integration
In the multi-modal integration approach, the concept of using multi-channel inputs
was extended by incorporating different MRI modalities. Specifically, the model was
designed to include DWI and T2* images with varying b-values and TEs. All avail-
able b-value images and TEs up to 30 ms were used, alongside the corresponding
parametric maps derived from DWI, T2*, and T1-MOLLI sequences. While this
approach is conceptually similar to the multi-channel strategy, integrating multiple
modalities offers greater robustness and the potential for broader clinical applicabil-
ity, as the model becomes capable of operating across different types of MRI data
rather than being restricted to a single sequence.
However, one of the main challenges with the multi-modal approach was the absence
of ground-truth segmentation labels for the DWI and T2* images. To overcome this,
the segmentation masks generated from the T1-MOLLI sequence were used as refer-
ence labels. Although the datasets were registered to one another to the best extent
possible, misalignment between the images and labels was still present, partly due
to patient motion and sequence-specific acquisition differences. To reduce inconsis-
tencies caused by inter-modality slice misalignment, a subset of visibly misaligned
images was excluded from the training set. Additionally, slices from the MOLLI se-
quence were carefully matched to the corresponding DWI and T2* slices. While this
approach helped minimize spatial mismatch, some residual misalignment remained.
These differences were visually noticeable and likely contributed to the reduced per-
formance of the multi-modal model, particularly in the absence of 3D information
to support accurate inter-modality registration.
Despite these limitations, the model achieved reasonably good results for parenchyma,
indicating the potential of a multi-modal segmentation approach. However, perfor-
mance for the cortex was notably lower, likely due to limited CMD contrast in both
the DWI and T2* images, as well as in the corresponding parametric maps. The in-
sufficient tissue contrast made it challenging for the model to clearly distinguish the
cortex, which subsequently affected the resulting delineation of the medulla. This,
in turn, impacted the reliability of the quantification of parametric values, thereby
limiting its potential to be used for clinical purposes.

5.4 Model Strengths and Limitations
While the segmentation models demonstrated strong overall performance, partic-
ularly in delineating the renal parenchyma and cortex, several recurring strengths
and failure cases were observed across the dataset. A noticeable limitation was the
undersegmentation in outer slices of the kidney volume. These regions, only con-
taining small parts of the anterior or posterior surfaces of the kidney, proved to be
challenging to interpret without spatial context. The 2D network, while outperform-
ing its 3D counterpart in overall segmentation accuracy, lacks context from adjacent
slices, which likely contributes to its difficulty in correctly identifying these outer
regions. As a result, undersegmentation was frequently observed in these regions
when compared to manual segmentations. This issue is likely caused by partial
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volume effects, where boundaries become blurred due to mixing of tissues within a
voxel, as well as other acquisition-related factors that make the boundaries of the
ROI less well-defined.
In contrast, the models tends to oversegment in the renal pelvis area, potentially
mistaking nearby tissues or vessels for parenchymal tissue. This misclassification
suggests that while the models are sensitive to intensity patterns associated with
kidney tissue, they sometimes lacks the contextual understanding needed to correctly
differentiate between closely located anatomical structures. False positives were
also observed in slices where no kidney tissue is present, typically at the edges of
the scanned volume. In such challenging scenarios, manual image analysts benefit
from reviewing adjacent slices or additional imaging sequences to guide accurate
segmentation.
The segmentation of cortical regions presents additional challenges for the models.
Particularly, they struggle with accuracy in inner regions surrounding the medulla
and renal columns, where both false positives and false negatives are common due
to limited contrast and the absence of well-defined anatomical boundaries. These
limitations are seen in both single-modality and multi-modality approaches. Despite
this, the models performs well in segmenting the outer cortex regions. The multi-
label approach appears to contribute positively in this regard, as the outer boundary
of the cortex is shared with the parenchyma. Training the models to segment both
cortex and parenchyma simultaneously may encourage the learning of shared spatial
and textural features, thereby improving boundary detection of both regions.
Nevertheless, the proposed multi-channel T1-MOLLI-based model maintained a high
level of consistency across both easier and challenging cases. Even when false pre-
dictions occurred, they generally followed the same patterns, which suggests that
the model could still be helpful by offering reliable starting points for segmenting
images. Such suggestions could save time during manual workflows by allowing im-
age analysts to focus on refining only the most complex or ambiguous regions. It
is also important to recognize that the outer boundaries of the kidney are difficult
to define, even for experienced analysts, and are often areas with high inter- and
intra-observer variability due to differences in how various kidney regions are in-
terpreted and outlined by analysts. A deep learning-based network, however, has
the advantage of learning features from multiple anatomical aspects simultaneously,
which could provide more consistent segmentation results and help reduce reliance
on individual operator interpretations.
However, an important limitation of the proposed segmentation approach is its re-
liance on input channels with contrast characteristics similar to those seen during
training. Results indicate that segmentation performance is highly dependent on
the combination of input-channels provided, which may limit the network’s general-
izability to clinical applications where imaging protocols vary. Consequently, there
is a risk of performance degradation when the input data differs significantly from
the training set.
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5.5 Quantifying Volume and Tissue Parameters

The results demonstrate that the proposed segmentation approach is capable of
supporting the quantification of renal tissue parameters and volume, although with
some notable limitations. The multi-channel model trained on T1-MOLLI images
achieved a high correlation with ground truth volumes and showed relatively small
differences in measurement. However, it tended to overestimate both parenchyma
and cortex volumes. This overestimation is likely due to false positive predictions
in the outer regions, where surrounding tissues were occasionally misclassified as
kidney. Although these errors reduce quantitative accuracy, they are often visu-
ally apparent and can typically be identified and corrected by experienced image
analysts.

The model also demonstrated promising capability in quantifying tissue parame-
ters such as T1 values, particularly when segmentation accuracy was high. This
is expected, as better segmentation enables more precise delineation of small and
complex anatomical regions, thereby improving the accuracy of tissue parameter
estimation. However, tissue values in parametric maps are highly sensitive to mis-
alignments between the segmentation mask and the underlying image. Even minor
registration errors can result in significant variations in the extracted values, which
shows the importance of precise image alignment.

In clinical settings, analysts often limit segmentation to regions where tissue bound-
aries are clearly defined, avoiding areas of uncertainty. This practice differs from the
model’s approach, which attempts to segment the entire structure. As a result of
this, automatically generated segmentations may benefit from manual adjustment,
particularly in regions where contrast is low or anatomical boundaries are unclear.

Despite these limitations, the model demonstrated consistent behavior and poten-
tial to support renal volume and tissue parameter estimation. When segmentation
quality is high and the input images are well-aligned, the method can produce reli-
able and reproducible measurements, making it a potentially valuable tool in both
clinical and research applications.

5.6 Comparison to Existing Works

While direct comparison to related studies is limited by differences in imaging modal-
ities, segmentation strategies, and dataset characteristics, the proposed 2D ResUNet
demonstrates performance that is in line with existing works, summarized in Ta-
ble 5.1. On T1-MOLLI images, the proposed method achieves a Dice score for
parenchyma segmentation (0.9089) and cortex (0.8552). These results are compara-
ble to those achieved in other studies, even with the limited size and quality of the
used dataset. It is also worth noting that many of the existing approaches rely on
contrast-enhanced or higher-resolution input data, whereas this model demonstrates
promising performance using standard clinical MRI sequences. This highlights the
potential of a multi-channel approach for renal segmentation.
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Table 5.1: Summary of related work on kidney segmentation.

Author Approach Results
Daniel et al. [8] Used T2-weighted MRI from 60 sub-

jects (30 healthy, 30 with CKD) and
a 2D U-Net to segment left and right
parenchyma for total kidney volume es-
timation.

Healthy: 0.94 (Dice), 0.88 (IoU)
CKD: 0.92 (Dice), 0.86 (IoU)
Vol diff %: 1.2 ± 16.2 mL

Bin Islam et al. [6] ResNet18-Self-ONN-UNet++ architec-
ture, a hybrid of ResUNet and U-
Net++, used to segment whole kid-
ney (parenchyma) from 100 T2-weighted
MRI scans.

Dice: 0.9157
IoU: 0.8234

Klepaczko et al. [46] 35 CE-MRI exams used for a 3-branch
CNN with a shared encoder for joint kid-
ney classification and 2D segmentation
of parenchyma and cortex.

Parenchyma IoU: 0.94
Cortex IoU: 0.76–0.92
Volume R2: 0.92 (total)

0.90 (cortex)

Inoue et al. [7] T1-weighted MRI from 170 subjects
(healthy and non-healthy). 3D ResUNet
to segment the kidney parenchyma, ex-
ploring both unilateral and bilateral seg-
mentation strategies.

Dice of 0.902 ± 0.034 achieved
using bilateral segmentation.

Korfiatis et al. [5] Using 1930 contrast-enhanced CT ex-
ams, a modified 3D U-Net was devel-
oped to segment four kidney substruc-
tures: right cortex, left cortex, right
medulla, and left medulla.

Dice: 0.94 (cortex)
0.90 (medulla)

5.7 Future Work
To ensure that the developed model can be effectively applied in real-world scenarios,
future work should focus on improving its robustness and generalizability. One of
the primary limitations of this study was the limited dataset size, which restricted
the model’s learning capacity and made it difficult to draw concrete conclusions.
Expanding the dataset with additional cases, including high-quality ground-truth
segmentations, would allow for more comprehensive evaluation across both valida-
tion and test sets. With access to data from 3D acquisitions, further investigation
of the 3D model would be feasible. Furthermore, incorporating an external test set
would provide a more thorough assessment of the model’s ability to generalize be-
yond the training environment. This is particularly important for ensuring clinical
applicability and robustness under varying acquisition conditions.
To improve consistency and quality of ground-truth data, additional manual quality
control and exclusion of poorly aligned cases should be implemented. This will help
ensure that only high-quality, well-aligned samples are used for training, which is
critical for robust model performance. For multi-modal model development, future
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work should focus on improving label-image alignment across modalities. This could
be achieved either by acquiring a 3D reference acquisition to enable accurate inter-
modality registration or by creating segmentation masks specifically for the DWI
and T2* images, rather than relying on those derived from T1-MOLLI. Ensuring
proper alignment between input images and corresponding labels is essential for
accurate model performance and reliable predictions in multi-modal applications.
Moreover, further exploration of model architectures could provide performance im-
provements. While this study investigated CNNs like ResUNet and U-Net, alterna-
tive architectures could be explored to possibly further improve the outcome. Future
work should also explore alternative fusion strategies within the network architecture
to assess their effectiveness for kidney segmentation using multi-modal MRI. In this
study, only early fusion was implemented by concatenating the input images across
channels. Investigating intermediate or late fusion approaches could provide further
insight into how different modalities contribute to segmentation performance. Ad-
ditionally, an extensive evaluation of hyperparameters, such as learning rate, batch
size, optimizer selection, number of filters, dropout rates, and data augmentation
strategies could help identify a more optimal configuration. Automated techniques
such as grid search or Bayesian optimization could be utilized to further improve
model performance by efficiently fine-tuning multiple settings simultaneously.
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6
Conclusion

In this thesis, a deep learning-based approach for automatic segmentation of kid-
neys regions in MRI were developed and evaluated, focusing on multi-channel and
multi-modal inputs. The proposed 2D ResUNet demonstrated strong performance
for segmenting the renal parenchyma and potential for cortex segmentation, particu-
larly from T1-MOLLI images offering high corticomedullary contrast. Multi-channel
inputs helped the model distinguish renal substructures, especially when channels
offered complementary contrast, highlighting the benefit of using diverse channels
for richer feature extraction. However, the model struggled with complex cases such
as outer slices and low-contrast regions, where contextual information is needed.
This suggest directions for future work focused on improving the model’s ability to
capture and leverage spatial context.
A key challenge in the multi-modal setup was using T1-MOLLI-derived labels for
DWI and T2*, which introduced misalignments between images and corresponding
labels. These findings emphasize the importance of accurate image alignment and
consistent labeling to enable reliable multi-modal segmentation. To properly assess
the value of multi-modal input for renal segmentation, evaluation of the performance
on properly aligned data is necessary.
Although manual corrections are still necessary, the model shows promise in provid-
ing reliable segmentation suggestions that can support manual analysis and reduce
operator variability. It also showed potential to quantify renal volume and tissue-
specific parametric values. However, the reliability of such quantifications remains
highly dependent on segmentation quality and image alignment.
In conclusion, this thesis presents a deep learning framework for automatic kidney
MRI segmentation and analysis. The findings highlight the potential of using deep
learning-assisted tools for automating renal imaging workflows, which could help
the diagnosis and monitoring of kidney disease. However, the limited dataset posed
a key challenge, impacting models’ robustness and generalizability across scanners
and imaging protocols. Future work should focus on expanding the dataset, and
validating the model on external data to ensure clinical applicability.
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A
Appendix A

The Appendix contains representative examples of the medical image data used in
this thesis. This includes MRI images from the T1-MOLLI, DWI and T2* mapping,
acquired at varying acquisition parameters, as well as parametric maps from each
of the sequences. Examples are provided to give a visual understanding of the
characteristics and variability in contrast across each MRI sequence.
Figures A.1–A.3 illustrate example images from one patient acquired from multiple
MRI sequences. Additionally, parametric maps derived from each imaging sequence
are presented in Figure A.4.

Figure A.1: Example images for T1-MOLLI images acquired with increasing in-
version times, ranging from 174 ms to 2574 ms.

Figure A.2: Example images for T2*w images acquired with increasing echo times,
ranging from 3 ms to 62 ms.

Figure A.3: Example images for DWI acquired with increasing b-values, ranging
from 0 to 500 s/mm2. Left to right: b=0, b=50, b=200, b=500.
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A. Appendix A

Figure A.4: Examples of parametric maps derived from different MRI sequences.
From left to right: T1 map from T1-MOLLI, ADC map from DWI images, and T2*
map from T2* mapping.
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B
Appendix B

The Appendix contains tables showing R2 values between predicted and actual T1
values for cortex and medulla regions, based on erosion using square structural
elements of varying sizes. Results are reported for left (SIN) and right (DX) kidneys
across the training, validation, and test sets.

Table B.1: R2 correlation values between predicted and actual T1 values for SIN
and DX cortex, using erosion with a square structural element of various sizes.

Size Train Validation Test
SIN DX SIN DX SIN DX

1×1 0.87 0.61 0.64 0.73 0.88 0.86
2×2 0.94 0.80 0.72 0.85 0.95 0.94
3×3 0.96 0.89 0.79 0.93 0.98 0.98
4×4 0.93 0.87 0.78 0.89 0.98 0.96

Table B.2: R2 correlation values between predicted and actual T1 values for SIN
and DX medulla, using erosion with a square structural element of various sizes.

Size Train Validation Test
SIN DX SIN DX SIN DX

1×1 0.77 0.56 0.75 0.53 0.80 0.35
2×2 0.78 0.48 0.68 0.32 0.77 0.36
3×3 0.66 -0.20 0.49 -0.39 0.49 0.04
4×4 0.32 -0.63 0.45 -0.54 0.52 -0.21
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