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General introduction

0.1 Scientific context

Breast cancer remains one of the most prevalent and life-threatening cancers among women world-

wide [19]. Early and accurate detection of malignant lesions is essential to improve the prognosis

and guide effective treatment strategies. In this regard, Dynamic Contrast-Enhanced Magnetic

Resonance Imaging (DCE-MRI) is widely recognized for its ability to capture both morphological

and functional information, making it a valuable tool in breast cancer diagnosis.

Furthermore, in the era of rapid technological advancement, Artificial Intelligence (AI) has

become a powerful asset in healthcare. Among its many applications, a key one is the segmentation

of breast tumors in DCE-MRI, which plays a crucial role in diagnosis, monitoring treatment,

assessing therapeutic response, and planning surgical procedures. However, MRI data is often

affected by noise, particularly Rician noise, which can significantly degrade image quality and

hinder the performance of conventional segmentation models.

0.2 Addressed problematic

Manual interpretation of DCE-MRI images is time-consuming, prone to inter-observer variability,

and often compromised by inherent MRI noise, especially Rician noise. To address these challenges,

numerous computerized segmentation methods based on AI techniques, especially deep learning

such as U-Net [149], have been proposed in the litterature. These latter, have shown considerable

potential. However, most of them are trained under ideal conditions, with limited exposure to

noisy data, which compromises their robustness and reliability in real-world clinical applications.

Therefore, the core problem addressed in this work is the design of a segmentation approach

that can withstand the degradation caused by Rician noise, while maintaining high segmentation

accuracy. Injecting this noise artificially during training may encourage the model to learn more

robust and discriminative representations, better suited to real-world acquisition conditions.

2
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0.3 Aimed objectives and research methodology

The primary objective of this research is to design, implement, and validate an automatic segmen-

tation approach for DCE-MRI breast tumors, built upon U-Net [149] architecture. The proposed

model, called Rician-Injected U-Net (RicIU-Net), introduces a controlled injection of synthetic Ri-

cian noise into the encoding stage of U-Net. Specifically within the 4th and 5th blocks of the U-Net

architecture, in order to enhance its robustness against the perturbations frequently encountered

in real medical images.

Briefly, through the proposed RicIU-Net approach, we aim to:

• Enhance the segmentation accuracy of the standard U-Net for breast tumor segmentation,

even under Rician noise conditions.

• Reduce dependence on complex preprocessing pipelines or external denoising techniques.

• Introduce a novel data augmentation strategy specifically tailored to the characteristics of

MRI data.

The experimental study that aimed to evaluate the segmentation performance of the proposed

RicIU-Net in comparison to the standard U-Net and one of its existing recent variant (U-Net2.1D

[11]) has yielded encouraging results in favor of the proposed RicIU-Net. And this, on the well-

known benchmark dataset BreastDM [194]. Therefore, the objectives outlined above have been,

to some extent, successfully achieved.

0.4 Organization of the manuscript

This manuscript is structured into three main chapters. Below, we provide an overview of the

content of each chapter.

The first chapter presents a general overview of breast cancer, highlighting the importance of

early and accurate diagnosis through medical imaging. It also introduces classical image segmen-

tation methods as well as the main challenges encountered in the segmentation of breast tumors.

The second chapter is dedicated to a detailed review of the state of the art in breast tumor

segmentation using DCE-MRI. It analyzes approaches based on deep learning, particularly Con-

volutional Neural Networks (CNNs) and their variants. This chapter identifies the limitations of

existing methods and justifies the need for a novel approach.

The third chapter describes the main contribution of this work, namely: the RicIU-Net ap-

proach. This chapter details also the experimental phase to assess the exhibited approach, includ-

ing training and validation phases, and performance evaluation using standard metrics such as the

Dice coefficient (DSC) and Intersection over Union (IoU). A comparison with standard U-Net and
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one of its most recent variants is reported in the chapter to demonstrate the robustness of the

proposed approach.

Finally, the manuscript concludes with a general conclusion that summarizes our main con-

tributions and results, discusses the limitations encountered, and outlines future perspectives for

improving the proposed method.



Chapter 1

General overview of breast cancer and
image segmentation

1.1 Introduction

Breast cancer remains one of the leading causes of mortality among women worldwide. Despite

extensive research, its exact causes are not fully understood. Hence, early detection and timely

intervention remain the most effective strategies for improving survival rates. In this regard,

biomedical imaging has become an essential tool in modern medicine, providing advanced tech-

nologies for detailed visualization of internal structures. These imaging modalities offer crucial

insights for diagnosing, characterizing, and monitoring breast tumors.

Among the available screening and diagnostic techniques, Magnetic Resonance Imaging (MRI)

is widely recognized for its superior sensitivity. Unlike conventional methods, MRI provides high-

resolution imaging of soft tissues, making it particularly effective in detecting tumors that other

modalities might miss. However, accurate interpretation of MRI scans relies on sophisticated

image processing techniques, particularly image segmentation, which is vital for delineating tumor

boundaries and distinguishing cancerous from healthy tissues. Specifically, image segmentation

is considered as a key computational technique in medical imaging that enhances the accuracy

of tumor identification and extraction. Therefore, it improves diagnostic precision and allows

healthcare professionals to assess tumor size, shape, and progression more reliably.

Given these considerations, this chapter provides an overview of breast tumors, including their

characteristics, diagnosis, and treatment. It also explores the fundamental principles of image seg-

mentation, with a special focus on deep learning-based techniques. The chapter is structured as

follows: Section 3.2 provides an overview of breast anatomy and the classification of breast tumors.

Section 3.3 introduces biomedical imaging and examines key imaging modalities used for the de-

tection of breast cancer. Section 3.4 outlines the most commonly adopted treatment approaches.

Finally, Section 3.5 delves into the principles of image segmentation and highlights various seg-

5



Chap. 01 : General overview of breast cancer and image segmentation 6

mentation techniques applied in medical imaging. The chapter concludes with a summary of key

findings in Section 3.6.

1.2 Anatomy and epidemiology

In this section, we present the anatomy of the breast and breast tumors. Additionally, we classify

these tumors and conclude by discussing relevant statistical data at both the global level and in

Algeria.

1.2.1 Normal anatomy of the breast

The breast is a paired organ located in the anterior and upper part of the thorax. It contains

the mammary gland, which is responsible for milk secretion [154], and plays a crucial role in

femininity. Functionally, it serves both nutritional and aesthetic purposes. Although the breast is

predominantly developed in women, it also exists in vestigial form in men.

From an anatomical perspective, the female breast is composed of glandular, fibrous, and

adipose tissues. It is positioned above the pectoralis major muscle and is anchored to the thoracic

wall by Cooper’s ligaments [141], which provide structural support. The soft consistency and shape

of the female breast is mainly attributed to the layer of adipose tissue. The fibrous connective

tissues and glandular structures contain lobules, which are responsible for milk production. Figure

1.1 illustrates the anatomical structure of the female breast.

Figure 1.1: Illustration of a sagittal view of the anatomical structure of the female breast [174]
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1.2.2 Breast tumor

A tumor is an abnormal growth of tissue caused by an abnormal cell proliferation. Tumors can be

classified into two main categories: benign and malignant. Benign tumors are non-cancerous and

generally do not spread to other parts of the body. In contrast, malignant tumors are characterized

by uncontrolled growth and the potential to invade surrounding tissues or metastasize to distant

organs, which defines them as cancerous.

On the other hand, breast tumors vary in nature depending on the type of tissue from which

they originate. Some tumors result from benign breast conditions, such as fibrocystic changes,

fibrosis, or localized lumps. These are usually not life-threatening and may not require aggressive

treatment. However, some tumors are malignant (also called cancers) and typically develop in

ductal cells (forming ductal carcinoma), lobular cells (leading to lobular carcinoma), or, in rarer

cases, other breast structures. The majority of breast cancers originate in the milk ducts or lobules,

as these areas are more susceptible to cellular abnormalities [73].

In addition, the onset of breast cancer is influenced by multiple factors, with genetic and

hereditary predisposition playing a critical role. Individuals with a family history of breast cancer,

particularly those with mutations in genes such as BRCA1 and BRCA2, are at significantly higher

risk [119]. Beyond genetic factors, several environmental and lifestyle variables contribute to breast

cancer incidence.

Also, key risk factors include hormonal, reproductive, and lifestyle influences. Early onset

of menstruation (menarche) and late menopause increase a woman’s lifetime exposure to estro-

gen, which has been linked to a higher risk of developing breast cancer. Similarly, reproductive

factors such as having fewer children, late first pregnancy, and nulliparity (not having children)

are associated with an increased risk. Exogenous hormone exposure, particularly through oral

contraceptives and hormone replacement therapy (HRT), has also been implicated in some studies

[21].

Furthermore, diet and body composition further contribute to risk. Research has shown that

alcohol consumption and obesity, particularly weight gain in adulthood and increased visceral fat,

can significantly elevate breast cancer risk. The role of nutrition, including the consumption of

processed foods and high-fat diets, is also under investigation as a potential contributor [196].

On a positive note, certain protective factors have been identified. Breastfeeding is recognized

for its protective effect, as it reduces lifetime exposure to estrogen and promotes cellular differ-

entiation in breast tissue, thereby lowering cancer susceptibility. Additionally, regular physical

activity has been linked to a lower risk of breast cancer by helping regulate hormone levels and

maintaining a healthy body weight. These findings emphasize the importance of lifestyle choices

in both cancer prevention and overall breast health [21].

Understanding these factors is crucial in developing effective breast cancer prevention strate-

gies. While some risk factors, such as genetic predisposition, cannot be modified, lifestyle changes,
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early screening, and advancements in medical research offer promising avenues for reducing breast

cancer incidence and improving patient outcomes.

1.2.3 Classification of breast tumors

The classification of a tumor plays a crucial role in determining an accurate prognosis and devel-

oping an effective treatment plan. Among the various classification systems, the TNM (Tumor,

Node, Metastasis) staging system is one of the most widely adopted for breast cancer. This sys-

tem categorizes tumors based on three primary characteristics: the size of the tumor, the extent of

lymph node involvement, and whether the cancer has metastasized to distant organs. Each of these

factors contributes to defining the severity of the disease and guiding clinical decisions regarding

treatment.

The size of the tumor (T) is a fundamental criterion in staging, as larger tumors are generally

associated with a more aggressive disease progression. In addition to tumor size, the presence

of cancer in lymph nodes (N) is another key factor. Lymph nodes serve as part of the body’s

immune defense, and when cancer spreads to these structures, the likelihood of further metastasis

increases. The final criterion, metastasis (M), refers to whether cancer has spread beyond the

breast and regional lymph nodes to other parts of the body, such as the liver, lungs, bones, or

brain.

As the tumor progresses through these stages, the prognosis typically worsens. A small,

localized tumor that has not spread beyond the breast has a much better prognosis than a tumor

that has invaded multiple lymph nodes or metastasized to distant organs. The TNM classification

system allows oncologists to determine the most appropriate therapeutic approach, which may

include surgery, chemotherapy, radiation therapy, targeted therapy, or a combination of these

treatments. By accurately staging the disease, clinicians can personalize treatment strategies and

improve patient outcomes.

More details on the different stages of breast cancer tumors are illustrated in Figure 1.2.
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Figure 1.2: Illustration of breast tumor stages according to the TNM system [162]

1.2.4 Statistics on breast cancer

1.2.4.1 Worldwide statistics

According to Bray et al. [19], approximately 2.3 million cases of female breast cancer were diag-

nosed globally in 2022, making up nearly one in every four cancer cases among women. Conse-

quently, breast cancer remains the most prevalent cancer among women and is the second most

commonly diagnosed cancer overall. Figure 1.3 shows a pie chart representing the incidence rate

of cancer worldwide in 2022, while Figure 1.4 illustrates the global mortality rate from cancer

in the same year. Furthermore, the authors report that breast cancer is the most frequently di-

agnosed cancer in the majority of countries worldwide and continues to be the leading cause of

cancer-related deaths in over 100 countries.
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Figure 1.3: Pie chart of the global cancer incidence rate in 2022 [165]

Figure 1.4: Pie chart of the global cancer incidence rate in 2022 [165]

Specifically, the incidence rate of breast cancer remains higher in developed countries such

as Australia/New Zealand, European nations, and North America. In addition, over the past

few decades, many transitioning countries in South America, Africa, and Asia have experienced

a steady rise in the disease’s incidence [bray2]. However, breast cancer mortality shows less

variability compared to incidence rates, with the highest mortality observed in Melanesia, where

Fiji continues to report among the highest mortality rates globally. Figure 1.5 illustrates a bar

chart that shows age-standardized incidence and mortality rates by region for female breast cancer

in 2022.
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Figure 1.5: Bar chart of age-standardized incidence and mortality rates by region for female breast
cancer in 2022 [165]

1.2.4.2 In Algeria

In Algeria, the latest statistics published in 2022 by the Global Cancer Observatory [60] of the

World Health Organization [132] confirm that breast cancer remains the most frequently diagnosed

malignancy, with 14,601 new cases reported in 2022, accounting for 22.6% of all cancer diagnoses.

Furthermore, breast cancer constitutes a major public health concern as it represents the leading

cause of cancer-related mortality among Algerian women, with 4,893 deaths recorded in the same

year. Other prevalent cancer types include colorectal (7,747 cases), lung (5,040 cases), prostate

(3,514 cases), and bladder (3,240 cases) cancers (see Table 1.1). These findings underscore the

substantial burden of breast cancer in Algeria, positioning the country among the most affected

in the African region.

1.3 Biomedical imaging for breast cancer screening

Biomedical imaging is a field of medicine that has witnessed significant advancements with the

evolution of computing technologies. The terms “biomedical imaging” and “imaging diagnosis”

refer to a generic, non-invasive process that allows for the observation of areas within the body

that are not externally visible. This approach plays a crucial role in preventive health programs
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Cancer Incidence Mortality
Breast 14 601 4893
Colorectum 7747 4380
Lung 5040 4599
Prostate 3514 1333
Bladder 3240 1818

Table 1.1: Incidence and mortality of the most prevalent cancers among men and women in Algeria
(2022) [165]

and is widely regarded as the most effective method for the early detection of tumors. Moreover,

the applicability and effectiveness of each imaging technique are heavily dependent on the specific

characteristics of the organ being imaged. Therefore, selecting the most appropriate imaging

technique prior to examining an organ is essential for accurate results [14].

The following subsections provide a brief overview of the primary imaging modalities used in

radiology for breast imaging and the diagnosis of associated abnormalities, namely: mammography,

ultrasonography, Computed Tomography (CT), Positron Emission Tomography (PET ), and Mag-

netic Resonance Imaging (MRI). These methods have become integral to the detection, diagnosis,

and monitoring of breast cancer, offering valuable insights that aid in early diagnosis, treatment

planning, and patient management. Each modality has its own strengths and limitations, and

their combination often provides complementary information that enhances diagnostic accuracy.

1.3.1 Mammography

Mammography is a widely used mass screening modality that employs a non-invasive radiographic

technique to capture the internal structures of the breast in an image [153]. Specifically, it involves

exposing the breast to low-energy ionizing radiation (X-rays) at 30 kVp to produce images on planar

radiographic films. Mammography is considered one of the gold standards in breast imaging due

to its simplicity, speed, high specificity, and wide availability. Additionally, it has the ability to

detect tumors that are not yet palpable, making it an effective tool for identifying abnormalities

at the pre-clinical stage.

However, mammography has several limitations. Notably, the use of ionizing radiation over

time could potentially contribute to the development of tumors [61]. Furthermore, the quality

of the images produced is often inferior compared to other imaging modalities. Mammography

also faces challenges in detecting abnormalities in women with dense breast tissue, where it may

not provide accurate or sufficient results [80]. Despite these drawbacks, mammography remains a

crucial tool for breast cancer screening, particularly when used in conjunction with other imaging

techniques to enhance diagnostic accuracy.
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1.3.2 Ultrasonography

Ultrasonography is also a non-invasive screening modality that uses sound waves to create a vi-

sualization of the breast. Specifically, it operates on the principles of echo emission and the

transmission of ultrasonic waves (ranging from 2 to 20 MHz). Higher frequencies produce clearer

images but penetrate less deeply into the patient. Ultrasound is particularly useful in diagnosing

whether a nodule is solid or fluid-filled [10]. Additionally, it has the ability to detect tumors that

may not be clearly identified through mammography, especially in cases involving dense breasts

(rich in glandular tissue), such as in women under the age of forty.

However, due to the relatively low resolution of breast ultrasound images, false positive results

may occur [96]. Therefore, ultrasound requires radiologists with proper training and specialized

skills, including manual dexterity and keen observational ability [120]. Furthermore, the applica-

tion of a coupling gel between the probe and the breast is necessary to eliminate air refraction

effects, ensuring optimal image quality for accurate diagnosis. Despite these limitations, ultrasound

remains a valuable complementary tool in breast cancer screening, especially when combined with

mammography to improve diagnostic accuracy.

1.3.3 Computed Tomography (CT)

Similar to mammography, Computed Tomography (CT), also known as tomography by computer,

uses ionizing radiation (X-rays). However, it allows for the production of tomographic slices (or

planes) of the breast. As a result, CT provides a three-dimensional visualization of the organ

[69]. Despite this capability, computed tomography offers limited advantages for breast cancer

diagnosis, as it does not provide as much significant information compared to mammography.

Furthermore, it complicates the acquisition process by increasing the dose of X-rays, which raises

concerns about radiation exposure. Consequently, CT is rarely used as a primary modality for

breast cancer screening but may be considered in certain clinical situations, such as when more

detailed anatomical information is needed for staging or evaluating the extent of disease.

1.3.4 Positron Emission Tomography (PET)

Positron Emission Tomography (PET) is a nuclear medicine imaging modality in which a small

amount of radioactive liquid material is injected into the body and used to diagnose various

diseases, including breast tumors. Typically, in PET, a simple sugar is used as the radioactive

substance, which is directly injected into the bloodstream. As a result, it accumulates in areas of

the body where it releases energy in the form of gamma rays [32]. These gamma rays are detected

by the PET scanner as signals, which are then converted by a computer into detailed images

showing the functioning of tissues or organs.

More specifically, tumor cells require sugar for growth. Therefore, by monitoring how sugar is
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utilized in the body (or sugar metabolism), the PET scanner is capable of detecting tumors. PET

provides physiological information about the tumor being examined, in contrast to other imag-

ing modalities that primarily capture morphological data. Furthermore, PET is often employed

to diagnose or stage metastases or to search for contaminated lymph nodes [183]. This makes

PET a valuable tool for assessing the metabolic activity of tumors and for detecting early-stage

malignancies that may not be visible on other imaging modalities.

1.3.5 Magnetic Resonance Imaging (MRI)

According to Semchedine [155], Magnetic Resonance Imaging (MRI) is a highly effective and en-

tirely non-invasive imaging modality. In brief, the principle of this biomedical imaging technique is

based on the magnetization phenomenon of hydrogen protons when exposed to an electromagnetic

field. The MRI scanner primarily consists of a powerful magnet that emits electromagnetic waves.

These waves induce the magnetization of hydrogen protons present in the tissues of the examined

organ. During this magnetization state, the protons absorb energy and align with the direction of

the applied field.

Once the electromagnetic wave emission ceases, the protons gradually return to their initial

state, releasing the absorbed energy in the form of a radio signal, known as Free Induction Decay

(FID). This signal is intercepted and measured by specialized receivers. The received signal is

then processed by a computerized system to construct high-precision anatomical slices. These

slices are subsequently assembled into a final MRI volume, providing detailed internal structural

visualization of the targeted organ.

In 1971, Damadian [40] was the first to conceive the idea of a scanner using magnetic resonance

to detect cancer in tissues. However, Lauterbur [93] was the first to utilize such a machine for

diagnostic purposes, publishing the first clinical MRI image in 1973. A schematic representation

of Damadian’s machine is illustrated in Figure 1.6, while a depiction of a modern MRI scanner is

shown in Figure 1.7.

1.3.5.1 MRI parameters and sequences

Various types of MRI sequences can be generated by modifying the sequencing parameters of

the MRI system. To obtain the desired sequence, three essential parameters must be manually

adjusted to their appropriate values using a dedicated control console. These parameters are as

follows [155]:

• Echo Time (ET): Refers to the time interval between the application of a radio frequency

(RF) excitation pulse and the peak of the resulting FID signal.

• Repetition Time (RT): Represents the time separating two successive RF excitations. It
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Figure 1.6: Schematic representation of Damadian’s machine [39]

Figure 1.7: Representation of a modern MRI scanner [76]

determines the amount of magnetization recovered between each pulse. Both ET and TR

are measured in milliseconds and are considered contrast factors.

• Flip Angle (FA): This parameter controls the orientation of hydrogen protons in response to

an RF excitation pulse.

Furthermore, the most commonly used MRI sequences for breast imaging are as follows [32,

155] :

• Proton Density (PD) : Obtained by using a short ET and a long RT.

• T1-weighted (T1w) : Achieved by using a long ET and a long RT. Useful for highlighting

breast parenchyma or adipose tissue.

• T2-weighted (T2w) : Obtained using a short ET and a short RT. Effective for visualizing

water-rich tissues such as cysts.
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To obtain clearer images, a fat saturation technique is applied to suppress the signal from

adipose tissue. This technique can be applied to both T1w and T2w sequences by utilizing the

short relaxation times of adipose tissue [140]. When the fat signal is suppressed in a T1w image

(or T2w), the resulting image is referred to as a fat-saturated T1-weighted image (or fat-saturated

T2-weighted image).

1.4 Breast cancer treatment

After obtaining the results from medical imaging, the attending physician establishes a treatment

plan based on the findings. The most commonly used treatments are surgery and therapy, but a

combination of both can also be considered.

1.4.1 Lumpectomy

Lumpectomy is a breast-conserving surgical procedure in which the surgeon removes the tumor

from the breast along with a surrounding margin of normal tissue (referred to as the “margin”).

To perform this, the surgeon makes an incision ranging from two to seven centimeters on the breast

and surgically removes the tumor along with a border of surrounding healthy breast tissue to ensure

the complete removal of the affected area [171]. Post-lumpectomy, radiation therapy is required to

eliminate any microscopic cancerous cells that may remain in the remaining breast tissue, thereby

reducing the likelihood of local recurrence (reappearance of the same treated tumor).

1.4.2 Mastectomy

Non-conserving breast surgery, or mastectomy, involves the removal of all breast tissue from the

chest wall [152]. Different types of mastectomy may be performed:

• Total mastectomy : The entire breast is removed, but the pectoral muscles beneath the breast

tissue and the lymph nodes are preserved.

• Modified radical mastectomy : The entire breast is removed along with the affected axillary

lymph nodes.

• Skin-sparing mastectomy : A total or modified radical mastectomy is performed, but most of

the skin over the breast is preserved for reconstructive purposes.

It is important to note that mastectomy does not prevent cancer recurrence on the chest wall,

and therefore, radiation therapy is recommended following the surgery [152]. Figure 1.8 illustrates

the modified radical mastectomy.
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Figure 1.8: Illustration of the modified radical mastectomy [117]

1.4.3 Chemotherapy

Chemotherapy is a procedure that involves the use of anticancer drugs (or a combination of drugs)

to eliminate cancer cells [152]. There are three main situations where chemotherapy may be used:

• Before surgery (neoadjuvant therapy): In this case, chemotherapy is used either to slow the

development of a tumor or to reduce the size of larger tumors before tumor resection.

• After surgery (adjuvant treatment): Used to reduce the risk of cancer recurrence.

• Metastasis : To destroy cancer cells that may have spread to other organs in the body.

1.5 Image segmentation: principles and methods

In this section, we present the fundamental principles of image segmentation in image processing,

along with an overview of a couple of well known deep learning based methods in the literature.

1.5.1 Image processing

Image processing is a fundamental discipline aimed at analyzing an image to extract meaningful

information or provide a semantic interpretation of the objects it contains. It encompasses two

primary types of processing: low-level and high-level processing.

Low-level processing algorithms focus on the relationships between the numerical values of im-

age pixels without considering their real-world significance [83]. These operations typically include

tasks such as noise reduction, contrast enhancement, and edge detection. In contrast, high-level

processing algorithms analyze the information extracted by low-level techniques to symbolically
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describe or interpret the content of the image [143]. This stage often involves object recognition,

classification, and scene understanding.

The image processing workflow is generally structured into four key stages: pre-processing,

segmentation, feature analysis, and interpretation. The first two stages (i.e pre-processing and

segmentation) are considered low-level processing tasks, as they primarily deal with pixel-level

transformations and region extraction. The last two stages (i.e. feature analysis and interpretation)

fall under high-level processing, as they aim to derive meaningful insights from the segmented

image, enabling decision-making in various applications such as medical imaging, remote sensing,

and autonomous vision systems.

1.5.1.1 Definition of image segmentation

The term image segmentation refers to the process of partitioning an image into groups of pixels,

also referred to as regions or segments, that share uniform characteristics. This process highlights

each homogeneous region in a manner that allows it to be easily distinguished from others [61].

The combination of the resulting regions reconstructs the entire image. Image segmentation is

primarily used to detect Regions of Interest (ROIs) or to delineate the boundaries of regions within

an image. For clarity, an illustration of an image and two possible corresponding segmented images

are provided in Figure 1.11.

Figure 1.9: Illustration of an original image and its two possible segmented versions, demonstrating
the image segmentation process [84]

1.5.1.2 Mathematical definition of image segmentation

A mathematical definition of image segmentation was proposed by Horowitz and Pavlidis [72].

Specifically, given an image Ω to be segmented, the segmentation process aims to partition the

image into N sub-regions, denoted Ri, where i = 1, 2, ..., N and L(.) is a logical predicate that

measures the homogeneity of a given region relative to a predefined set of features.
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Ω =
N⋃
i=1

Ri, (1.1)

Ri ∩Rj = ∅,∀i, j ∈ {1, 2, ..., N}, (1.2)

L(Ri) = True,∀i ∈ {1, 2, ..., N}, (1.3)

L(Ri ∪Rj) = False,∀i, j ∈ {1, 2, ..., N}, i ̸= j. (1.4)

The definition includes four key conditions: Condition (1.1) implies that every pixel in the image is

assigned to one region of the image, covering the entire image domain. Condition (1.2) states that

each pixel must be assigned to exactly one region, ensuring mutual exclusivity between regions.

Condition (1.3) requires that the resulting regions are homogeneous with respect to some predefined

feature set (such as color, intensity, texture, etc.), meaning that pixels within a region share similar

characteristics. Condition (1.4) indicates that the union of two distinct regions, each homogeneous

by itself, results in a heterogeneous region. This condition implies that regions can be merged if

and only if their combination results in a non-homogeneous region, reinforcing the segmentation as

a process of finding meaningful boundaries in the image. These conditions form the foundation of

a rigorous approach to image segmentation, ensuring that the segmented regions are both distinct

and homogeneous.

1.5.1.3 Over-segmentation vs Under-Segmentation

The number of segments is a crucial criterion in assessing the quality of an image segmentation.

An imbalance in the number of segments, either too many or too few, can lead to undesirable

results. Over-segmentation occurs when the number of segments produced exceeds the expected

number of segments [173]. This situation arises, for example, when a ROI in an image is divided

into multiple semantically insignificant segments, instead of being segmented into a single con-

nected region. In this case, the resulting segments are often too small or lack semantic coherence,

making them inadequate for meaningful analysis. Despite being an undesirable outcome, over-

segmentation is frequently employed in various research contexts as a preliminary step to simplify

the computational complexity of more resource-intensive methods. Specifically, an over-segmented

image, compared to its raw form, can be used as input for complex techniques, where each segment

is treated as a superpixel. These adjacent and similar segments are then merged to produce a more

accurate and fine-grained segmentation.

On the other hand, under-segmentation refers to a segmentation that produces fewer segments

than expected. This problem is generally more challenging to address than over-segmentation [25].

One common solution is to re-segment the under-segmented image; however, this approach may

not always be suitable, particularly when the image contains overlapping segments. In such cases,

the application of re-segmentation could exacerbate the issue, leading to over-segmentation. While

both over-segmentation and under-segmentation are well-recognized phenomena in the literature,
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there is no universally accepted method to resolve these issues. Nonetheless, over-segmentation

is often preferred over under-segmentation because it serves as a useful preprocessing step before

applying more refined segmentation techniques [14]. Over-segmentation generally provides a more

detailed segmentation map, which can later be merged into more meaningful regions, improving

the accuracy of the final segmentation.

1.5.1.4 Automatic and semi-automatic segmentation

Semi-automatic segmentation requires minimal user involvement in the segmentation process [18].

This type of segmentation is particularly useful when the user desires to control or guide the

segmentation, such as specifying the ROI to be segmented or fine-tuning the precision of the

obtained result [62]. The semi-automatic approach strikes a balance between automation and user

control, allowing for customized intervention to improve accuracy or adjust parameters based on

user expertise or specific needs.

In contrast, automatic segmentation aims to fully automate the process, utilizing advanced

algorithms and prior knowledge to enable the computer to determine the final segmentation result

without any human intervention. These methods rely heavily on machine learning, statistical

models, or deep learning techniques to analyze image features and make segmentation decisions

autonomously.

When comparing the two types of segmentation, semi-automatic methods are more widely

presented in the literature, despite the growing interest in minimizing human involvement as much

as possible in automatic segmentation methods [62]. The primary advantage of semi-automatic

segmentation lies in its flexibility and adaptability, allowing users to intervene and refine results

when necessary, while still benefiting from the efficiency of automation. However, automatic

segmentation methods, driven by advancements in artificial intelligence and deep learning, are

becoming increasingly capable of achieving high-quality results with minimal human oversight,

making them an area of active research for a wide range of applications.

1.5.1.5 Objectives of image segmentation

Image segmentation is a low-level processing technique that serves as a fundamental and essential

step in image analysis. Specifically, the goal of segmentation is to simplify the representation of

an image into something more meaningful and easier to analyze [78]. By doing so, it reduces

the complexity of subsequent high-level processing required to interpret the image. As a result,

successful image segmentation often leads to more accurate and effective high-level results [145].

For instance, in pattern recognition, precise segmentation of a ROI enables the extraction of

representative feature vectors such as size, shape, color, and location, which in turn facilitates the

recognition process.

Due to its crucial role, image segmentation methods are widely applied across various fields,
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including medical image processing, content-based image retrieval, remote sensing, and more. In

medical imaging, for example, accurate segmentation of tissues and organs plays a pivotal role in

diagnostic procedures, while in remote sensing, segmentation helps in identifying and classifying

land cover types. The versatility and significance of segmentation make it a key area of research

and application in computer vision.

1.5.2 Deep learning for image segmentation

Deep learning has revolutionized the field of medical image analysis, particularly in the segmenta-

tion of complex images. Traditional image processing techniques often fail to handle the variability

and intricate details present in medical images. Deep learning models, by learning hierarchical

representations directly from the data, provide more precise and automated segmentation. This

advancement has a profound impact on clinical applications such as tumor detection, diagnosis,

and treatment planning [94]. In what follows, we briefly describe four widely used deep learning

methods for medical image segmentation in the literature.

1.5.2.1 Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNNs) are a class of deep feed-forward architectures that auto-

matically learn hierarchical, spatially localized feature representations directly from raw images

[94]. By stacking convolutional layers with nonlinear activations and pooling operations, CNNs

capture increasingly abstract patterns, ranging from simple edges to complex textures. Thus,

making them highly effective for visual tasks, including medical image segmentation.

• Convolutional layers: These layers apply a set of learnable filters to the input image. Each

filter performs a convolution operation, producing feature maps that capture essential local

patterns such as edges, textures, and shapes. This operation is critical for extracting spatial

hierarchies within the image [88].

• Activation functions: Non-linear activation functions (e.g. ReLU) are applied after con-

volutional operations to introduce non-linearity into the network. This step is essential for

enabling the network to learn complex representations of the input data [94].

• Pooling layers: Pooling layers, such as max pooling, reduce the spatial dimensions of

the feature maps. This reduction not only lowers the computational cost but also provides a

degree of translation invariance, making the model more robust to variations in input images.

• Fully connected layers: In many classification tasks, fully connected layers are used to

integrate features and make final predictions. However, in segmentation networks like U-

Net, an encoder-decoder structure is employed to preserve spatial information, replacing the

traditional fully connected layers [149].



Chap. 01 : General overview of breast cancer and image segmentation 22

Figure 1.10: Example of a CNN architecture designed for tumor classification [1].

In medical imaging, segmentation is vital for accurately delineating ROIs, such as tumor

boundaries in modalities like MRI, CT, and mammography. Accurate segmentation enables the

extraction of critical information such as tumor size, shape, and location, which is essential for

diagnosis and treatment planning. Advanced CNN architectures, including Fully Convolutional

Networks (FCN) [110] and U-Net [149], have been specifically designed to meet the challenges of

medical image segmentation. Comprehensive surveys have demonstrated that these deep learning

models not only automate the segmentation process but also achieve performance levels comparable

to human experts [104].

1.5.2.2 U-Net

U-Net is a fully convolutional neural network originally designed for biomedical image segmenta-

tion. Its strength lies in its ability to learn from very few training images while producing precise

pixel-wise segmentation maps. The U-Net architecture consists of two main parts:

• Encoder (contracting path): This part is similar to a standard convolutional network. It

applies a series of convolutional layers (typically with 3 × 3 kernels) followed by non-linear

activations and max pooling operations. As the spatial dimensions decrease, the number of

feature channels increases, enabling the network to capture the global context.

• Decoder (expansive path): The decoder upsamples the feature maps using up-convolution

(or transposed convolution) to restore the original spatial resolution. At each upsampling

step, features from the corresponding encoder layer are concatenated via skip connections,

which help in recovering fine-grained spatial details.

The skip connections directly link corresponding layers in the encoder and decoder, fusing

low-level spatial details with high-level semantic information. This U-shaped design allows the

network to produce precise segmentation boundaries even when trained with limited data [149].

Figure 1.11 presents the architecture of the U-Net model.
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Figure 1.11: U-Net architecture (example for 32x32 pixels in the lowest resolution) [149]

1.5.2.3 Vision Transformer (ViT)

Vision Transformers (ViT) are a class of deep learning models that adapt the Transformer ar-

chitecture, that is originally designed for natural language processing, to computer vision tasks,

including image segmentation [44]. Unlike Convolutional Neural Networks (CNNs), which rely on

local convolutional operations to extract spatial features, ViTs leverage self-attention mechanisms

to capture global relationships across an entire image, offering a fundamentally different approach

to processing visual data.

The ViT architecture begins by dividing an input image into a grid of fixed-size patches

(e.g. 16x16 pixels). Each patch is flattened into a vector and linearly embedded into a higher-

dimensional space, augmented with positional encodings to retain spatial information. These

patch embeddings are then fed into a series of Transformer encoder layers. Each layer consists

of two main components: a multi-head self-attention mechanism, which computes dependencies

between all patches regardless of their spatial distance, and a feed-forward neural network, applied

independently to each patch. Layer normalization and residual connections are used to stabilize

training and improve gradient flow [170]. For segmentation tasks, ViT can be extended with a

decoder, such as in models like SegFormer or TransUNet, to produce pixel-level predictions [176].

An example of the ViT’s architecture is given in Figure 1.12 for visual illustration.

ViTs offer several advantages over CNNs, particularly for medical imaging applications like

breast tumor segmentation. Their ability to model long-range dependencies makes them adept at

capturing the global context of an image, such as the relationship between a tumor and surrounding
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Figure 1.12: The Vision Transformer (ViT) architecture, where an input image is split into patches,
embedded, and processed through Transformer encoder layers for classification or segmentation [44]

tissues in MRI scans, which may span beyond local convolutional receptive fields. Additionally,

ViTs are highly flexible and can handle variable input resolutions when paired with appropriate

positional encodings. However, they require large amounts of training data to outperform CNNs, as

they lack the inductive biases (e.g. locality and translation invariance) inherent in convolutional

operations. To mitigate this, pre-training on large datasets followed by fine-tuning on smaller

medical datasets has become a common strategy [44].

In the context of breast cancer segmentation, ViTs have shown promise in recent studies. For

instance, hybrid models combining ViTs with CNNs, such as TransUNet, leverage the strengths

of both architectures: CNNs extract detailed local features, while Transformers model global

interactions, improving tumor boundary delineation in complex MRI images [27]. While ViTs

are computationally intensive due to their quadratic complexity with respect to the number of

patches, advances like efficient attention mechanisms (e.g. Swin Transformer) are making them

more practical for real-world applications [106]. This project could explore ViTs as an alternative

or complement to U-Net, potentially enhancing segmentation accuracy by capturing both local

and global tumor characteristics.
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1.5.2.4 TransUNet

TransUNet is a hybrid deep learning architecture that integrates the strengths of Convolutional

Neural Networks (CNNs) and Vision Transformers (ViTs) to enhance medical image segmentation,

particularly for tasks like breast tumor delineation in MRI scans [28]. Originally proposed for 2D

medical image segmentation, TransUNet combines the local feature extraction capabilities of U-

Net with the global context modeling of Transformers, addressing the limitations of each approach

when used independently.

The TransUNet architecture consists of three main components: an encoder, a bottleneck,

and a decoder. The encoder employs a pre-trained CNN backbone (e.g. ResNet or EfficientNet)

to extract low-level and mid-level features from the input image, capturing detailed spatial in-

formation such as edges and textures. These features are then transformed into a sequence of

patch embeddings, similar to ViT, and processed through Transformer layers to capture long-

range dependencies and global contextual information across the image. The bottleneck stage

integrates these global features with local CNN features, enabling a richer representation of the

image. Finally, the decoder, inspired by U-Net’s architecture, upsamples the feature maps us-

ing convolutional layers and skip connections to reconstruct high-resolution segmentation masks,

preserving fine-grained details like tumor boundaries [28] (see Figure 2.1 for illustration).

Figure 1.13: The TransUNet architecture, combining a CNN encoder, Transformer bottleneck, and
U-Net-style decoder for medical image segmentation [27]

TransUNet offers significant advantages for breast tumor segmentation. Its CNN backbone

excels at detecting local features, such as tumor edges and textures in MRI images, while the Trans-

former component models global relationships, such as the tumor’s interaction with surrounding

tissues or its overall shape. This hybrid approach mitigates the data inefficiency of pure ViTs,
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which require large datasets for training, and the limited receptive field of pure CNNs, which may

miss global context. Studies have shown that TransUNet achieves state-of-the-art performance on

medical segmentation benchmarks, including the Synapse dataset and breast cancer datasets, with

improved Dice Similarity Coefficient (DSC) scores for tumor delineation [27].

In the context of this project, TransUNet is particularly promising for segmenting breast tu-

mors in MRI scans. Its ability to combine local and global features could enhance the accuracy

of tumor boundary detection, addressing challenges like irregular tumor shapes or low-contrast re-

gions. However, TransUNet’s computational complexity and memory requirements, due to Trans-

former layers, may necessitate efficient implementations or smaller models for real-time clinical

applications. This project could explore TransUNet as a potential method, comparing its per-

formance to U-Net or ViT on a breast cancer MRI dataset, potentially improving segmentation

accuracy for clinical diagnosis and treatment planning.

1.6 Conclusion

The objective of this chapter was to provide an overview of breast cancer and image segmentation,

serving as an introductory chapter to the broader topic. First, we defined breast cancer, biomedical

imaging, and the existing treatment approaches used to combat this disease. We then introduced

the fundamental principles of image segmentation and discussed some of the commonly used deep

learning methods found in the literature.

In the next chapter, we will present a state-of-the-art review of various segmentation methods

presented in the context of breast tumors DCE-MRI images, including 2D, pseudo 3D, and 3D

approaches.



Chapter 2

State-of-the-art on DCE-MRI breast
tumor segmentation

2.1 Introduction

Dynamic Contrast-Enhanced Magnetic Resonance Imaging (DCE-MRI) is a leading modality for

breast cancer screening, providing detailed anatomical information alongside dynamic functional

insight. However, its interpretation remains a complex and error-prone process when performed

manually. Fortunately, image segmentation, a fundamental technique in computer vision, offers a

promising solution by directing attention toward clinically relevant regions, such as tumors.Thereby

enabling more efficient, accurate, and automated diagnosis.

In recent years, medical image segmentation has experienced significant advancements, largely

driven by the rapid progress in deep learning technologies. As a result, various deep learning-

based approaches have been proposed to automatically delineate breast tumor boundaries in DCE-

MRI images. To offer a comprehensive understanding of these recent developments, this chapter

provides a critical review and analysis of the most prominent state-of-the-art segmentation methods

proposed within this scientific domain. The chapter is organized as follows: Section 3.2 presents the

specifications related to the use of DCE-MRI in breast cancer screening and introduces the research

problem addressed in this work. Section 3.3 provides a concise overview of recent deep learning-

based approaches for breast tumor segmentation in DCE-MRI, as reported in the literature. Section

3.4 offers a comparative analysis of the reviewed methods, focusing on key aspects such as network

architecture, dataset characteristics, and segmentation performance. Section 3.5 summarizes the

findings, discusses current challenges, and outlines potential future research directions. Finally,

Section 3.6 concludes the chapter.

27
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2.2 Breast DCE-MRI and tumor segmentation

Dynamic Contrast-Enhanced MRI (DCE-MRI) for breast screening evolved from the broader de-

velopment of MRI in medical imaging. The journey of DCE-MRI’s development began with the

discovery of Nuclear Magnetic Resonance (NMR) by Felix Bloch and Edward Purcell in 1946 [13].

Thereafter, Raymond Damadian proposed to use NMR for cancer detection in 1971, suggesting that

malignant tissues exhibit distinct relaxation properties [41]. This assumption led to the creation

of the first clinical MRI scanner a couple of years later [93, 114]. For breast imaging, it is in the

1990s that MRI gained prominence as a complementary tool for high-risk screening. Particularly

after the introduction of DCE-MRI. Specifically, the latter involves injecting a gadolinium-based

contrast agent to enhanced the visibility of regions of interest in the resulted DCE-MRI images,

such as tumors.

Nowadays, DCE-MRI is extensively used to screen the breasts for tumor analysis for its re-

markable high sensitivity, especially when the patient presents dense breasts or a high-risk of

tumor. Specifically, DCE-MRI provides exhaustively detailed view of tumor morphology, vascu-

larity, and kinetic patterns. In addition to this, it provides 3D high-resolution visualizations of

the both breasts. Such important features, and several others, are not present in mammography

or ultrasonography which are conventionally used in clinical routines. [89]. Figure 2.1 presents an

illustration of the MRI scanner used to scan the breasts.

2.2.1 Analysis of DCE-MRI images to diagnose breast tumors

The double reading procedure is the methodology used in the traditional routine to analyze DCE-

MRI breast images. Explicitly, two radiologists are charged to individually visualize the medical

image to analyze and to write his/her interpretations of the findings in a report. If there are

disagreements on interpretation, the two involved radiologists can either have a discussion about

their opinions or seek advice from a third expert. However, like any human being, radiologists can

face errors due to factors such as exhaustion, inattention, or even imperfections in the analyzed

image due for instance to patient movement during the DCE-MRI exam. Consequently, the double

reading procedure is not fully immunized. In this context, Nodine and Kundel [130] describe three

main errors that can occur:

• A visual error that occurs when the presence of a tumor is not noticed. Usually because

of a selective reading to focus on parts of the image that thought to be more interesting to

explore.

• A recognition error that happens when a tumor is actually noticed, yet misidentified.

• A decision-making error that occurs when a tumor is identified, but misclassified.
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Figure 2.1: Illustration of a breast DCE-MRI scanner for cancer diagnosis [188]

Besides the possibility of error, DCE-MRI also imposes another challenge. Actually, the

search area is large because the modality creates 3D scans with hundreds slices to explore in the

axial, sagittal, and coronal planes. Making the exploration process totaly exhausting and time

consuming.

On the other hand, the integration of computer science, and more precisely artificial intel-

ligence, in modern radiology has had a significant impact on dealing with these hurdles [122].

Specifically, artificial intelligence proposes a variety of computer methods that aid in the analysis

of medical images to establish more reliable diagnoses, such as Computer-Aided Diagnosis (CAD)

system. Specifically, a CAD system is a computer software that is specially conceived to help

determine the type, severity, stage, progression, or regression of a tumor [33]. The US Food and

Drug Administration approved the use of this system in 1998, since then it has been widely used

as a second reader to interpret medical images [109]. Moreover, the advantages of such a system

in diagnosing breast tumors in DCE-MRI, especially in dense breasts, have been demonstrated in

several studies [57, 109, 185, 98]. Technically, a CAD system is made up of four main steps that
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are carried out sequentially, namely: the preprocessing step, the segmentation step, the features

extraction and selection step, and the classification step.

2.2.2 Importance of DCE-MRI breast tumor segmentation

Segmentation, as described in the previous chapter, is the process of distinguishing regions of

particular interest from other regions in an image. Hence, in the case where the delimited regions

are tumors, segmentation allows not only to delicately define the boundaries of the contaminated

areas, but also offers a possibility to inspect their appearances [128]. Therefore, segmentation

represents a critical step in a breast DCE-MRI CAD system since its result significantly affects

the performance of the next steps. Specifically, the more accurate the tumor segmentation, the

more discriminatory features can be extracted, hence the more realistic the prognosis can be [71].

Moreover, DCE-MRI breast tumor segmentation used as a standalone process, outside the

CAD system framework, offers several benefits targeting two important healthcare aspects, namely:

enhancing patient outcomes and maintaining breast esthetics. For patient outcomes improvement,

segmentation identifies contaminated zones at their earliest stages (when they are likely not visible

visually), and/or maps their size, shape, and location. As a result, it decreases unnecessary biopsies

and prevents the development of aggressive breast cancers by enabling oncologists to customize

timely treatment plans and to monitor the tumor. Particularly when there is a suspected return

after ablation or to follow up changes in growth or response to treatment.

On the other hand, the esthetic aspect of DCE-MRI breast tumor segmentation resides is

how it can improve surgical precision while maintaining the natural appearance of the breast.

Explicitly, the use of segmentation to accurately identify tumor boundaries allows to remove only

affected tissue of the breast. Which helps surgical teams avoid unnecessary excision to reduce

breast asymmetry and hence the need for extensive reconstruction. In addition, it enables less

invasive procedures, resulting in smaller scars and improved cosmetic results.

2.2.3 Challenge of breast DCE-MRI images segmentation for accurate
extraction of tumors

Considerable efforts have been made to present the most effective method for optimal DCE-MRI

breast tumor segmentation so far. Yet, even with many proposed approaches and registered ap-

preciable performance scores in the literature, there is no clearly described final solution. Mostly,

this is due to many facts and challenges that are acting as roadblocks in the development of a final

algorithm. Bellow, we describe this challenges according to the different cases: benign tumors,

malignant tumors, and normal (healthy) breast tissue.

• Benign tumors: Such as fibroadenomas or cysts. They typically appear as well-defined,

smooth-edged masses on DCE-MRI. They often show slow, gradual, or no significant en-
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hancement in the early phases, with minimal or no washout in late phases, reflecting low

vascularity and stable perfusion [74]. These tumors pose segmentation challenges due to

their similarity to normal tissue in contrast, requiring algorithms to distinguish subtle en-

hancement patterns without over-segmenting healthy areas (i.e. false positives). Figure 2.2

presents an example of a benign tumor of BreastDM dataset [194] showcasing an overlapping

contrast with its surrounding uncontaminated tissue of the breast.

Figure 2.2: An illustration of a benign breast tumor highlighted with a bounded box in DCE-MRI
taken from BreastDM dataset [194]

• Malignant tumors: Such as invasive ductal carcinoma or invasive lobular carcinoma. They

exhibit rapid and irregular enhancement in the early DCE-MRI phases due to increased an-

giogenesis and vascular permeability, followed by a rapid washout in later phases [89]. These

tumors often have irregular, spiculated margins and heterogeneous enhancement. Making

them distinct from benign lesions but challenging to segment accurately due to their complex

shapes and low-contrast boundaries with surrounding tissue. Automated segmentation must

account for these dynamic patterns to avoid under-segmentation (i.e. false negatives). For

visual illustration, we give in Figure 2.3 a malignant tumor seen in a DCE-MRI image taken

from BreastDM dataset [194] presenting a complex shape and low contrast boundaries.
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Figure 2.3: An illustration of a benign breast tumor highlighted with a bounded box in DCE-MRI
taken from BreastDM dataset [breastdm2023]

• Normal (healthy) breast tissue: It includes glandular and fatty components and usually

shows minimal or no enhancement in DCE-MRI, with uniform, low-level signal intensity

across phases [102]. However, physiological enhancement in healthy breasts, such as back-

ground parenchymal enhancement or veins enhancements, with their variability can imitate

tumor signals. These latter require robust algorithms to avoid misclassifying healthy regions

as tumors. Figure 2.4 shows enhanced heathy regions of the breast in a DCE-MRI image.

These latter exhibited cases present distinct challenges for segmentation methods. Especially

for deep learning based models, such as U-Net, Vision Transformers, and TransUNet, that have

to be trained on well-confined datasets to master as many cases as possible. Furthermore, other

challenges like overlapping enhancement, motion artifacts, variations in acquisition process, and

the size of tumors can badly affect segmentation methods [102].

2.3 Description of related work

Since the apparition of the first deep learning based models, several research projects have reported

their successful application to medical image analysis. Furthermore, their exceptional performance

compared to traditional handcrafting methods has driven computer vision scientists to continu-

ously improve them in order to accomplish challenging tasks like tumor extraction from medical
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Figure 2.4: Illustration of a DCE-MRI image presenting different enhanced normal regions

images. Hence, giving rise to a very specific fine-tuned deep learning-based approaches adapted

to a particular task, dataset, or domain. DCE-MRI breast tumor segmentation is no exception

to the fact, given the number of deep learning-based approaches proposed in its context over the

past decade. As a main goal to stand out and discuss the essential progress made recently by

researchers in the framework, we aim to review and succinctly discuss, in this section, some of the

latest and relevant state-of-the-art methods presented in the setting. The analyzed approaches are

classified herein into multiparametric and uniparametric data-driven methods, based on the type

of DCE-MRI data used for tumor feature extraction.

2.3.1 Multiparametric data-driven DCE-MRI breast tumor segmenta-
tion methods

These methods integrate multiple DCE-MRI sequences to extract comprehensive tumor features.

Specifically, multiparametric data-driven approaches aim to enhance tumor representation by in-

corporating complementary information that may be missed when relying on a single sequence.

However, these approaches require large datasets due to their dependence on multiple sequences.

Building these datasets is challenging because of the complexity of the annotation and the lim-

ited availability of complete data in real-world clinical settings. Moreover, such methods present

challenges when it comes to data heterogeneity and integration, as the sequences frequently dif-

fer in resolution, contrast, and noise characteristics. Furthermore, they are prone to overfitting

and have a tendency to take too long to train, which can hinder their practical deployment. For

instance, Peng et al. [139] have introduced an Inter-Modality Information Interaction Network
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(IMIIN), an advanced deep learning model designed to provide a 3D multi-modal breast tumor

segmentation in MRI imaging. IMIIN employs a hierarchical two-stage approach that begins with

a coarse tumor localization phase, followed by a fine-grained segmentation stage utilizing a 3D Tiny

Object Segmentation Network (3D-TOSN). This hierarchical design effectively captures detailed

boundary information, making it particularly adept at segmenting small or complex tumors that

are often challenging for traditional models. A central innovation in IMIIN is its Bi-directional

Request-Supply Information Interaction Module (BD-RSIIM), which facilitates a dynamic, mu-

tual exchange of information between T1 and T1c MRI sequences. This bi-directional interaction

allows each modality to selectively request and incorporate relevant information from the other,

filtering out irrelevant data and thereby improving the accuracy and robustness of tumor bound-

ary segmentation. While IMIIN demonstrates notable improvements over existing models, such

as 2D-CMN and HDN, achieving superior sensitivity and Dice similarity scores, the model’s de-

pendence on well-aligned multi-modal data could limit its applicability in diverse clinical settings

where imaging data may not be perfectly aligned. Additionally, the model’s complex architecture

and high computational requirements could pose challenges in resource-limited environments. To

address these limitations, future enhancements could incorporate a pre-alignment module to han-

dle unaligned data, broadening the model’s utility across varied clinical workflows. Furthermore,

exploring lightweight architectural designs could reduce computational demands, making IMIIN

more feasible for deployment in settings with constrained resources. These refinements would en-

hance the model’s versatility and make it more adaptable and practical for widespread clinical

application in breast cancer diagnosis. Figure 2.5 presents the architecture of the IMIIN network

as it is exhibited by Peng et al. [139].

Figure 2.5: Illustration of the IMIIN network [139]

Furthermore, Liu et al. [105] have presented a mask-guided 3D convolutional neural net-

work (3D-CNN) that analysis both pre-contrast and post-contrast DCE-MRI sequences to predict

breast cancer outcomes. Specifically focusing on five-year recurrence and HER2 status, by analyz-

ing DCE-MRI images. The model introduces a mask-guided 3D-CNN architecture to direct the
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network’s attention specifically to tumor regions, a method that enhances prediction accuracy over

traditional models that either examine the entire image or focus solely on the tumor area. Tech-

niques integral to this approach include dynamic contrast-enhanced MRI, which captures essential

tumor characteristics, and class activation mapping (CAM), which visually highlights the regions

that drive predictions, offering interpretability and precision. The model is built upon a modified

3D-VGGNet architecture optimized for volumetric data (see Figure 2.6 for illustration) and uses

a loss function that combines cross-entropy with the Dice coefficient, promoting overlap between

the model’s attention and the tumor mask. To counter the small dataset (115 samples), 3D data

augmentation techniques, such as rotations and translations, were employed, strengthening model

robustness and reducing overfitting.

Despite promising results, there are limitations. Conservative segmentation might exclude

relevant tumor areas, and the small dataset may limit generalizability. Future work could enhance

this model by refining segmentation algorithms to include more of the tumor area, expanding

the dataset, and comparing this mask-guided approach with traditional radiomics-based methods

for further validation. This mask-guided 3D-CNN approach shows potential for improving the

precision of prognostic predictions in clinical breast cancer applications, though further refinement

and validation are essential.

Figure 2.6: Modifed 3D VGGNet backbone architecture [105]
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Moreover, Zhang et al. [190] have presented a method for detecting and segmenting breast

cancer in MRI using a Mask R-CNN model. Trained on non-fat-saturated images and tested on fat-

saturated images. The model demonstrates impressive accuracy despite the differences between the

training and testing data. It uses a data augmentation strategy that increases generalizability and

robustness. The model achieves strong results in terms of Dice similarity coefficient and sensitivity

when compared to existing methods. The approach of Zhang et al. could be helpful in clinical

practice, offering a tool for automated breast cancer detection that could enhance radiologists’

workflow and diagnosis accuracy. The detailed architecture of the Mask R-CNN model used by

Zhang et al. [190] is illustrated in Figure 2.7.

Figure 2.7: Mask R-CNN architecture used in the work of Zhang et al. [190]

2.3.2 Uniparametric data-driven DCE-MRI breast tumor segmenta-
tion methods

Within this category of methods, breast tumor segmentation is typically conducted using a single

DCE-MRI sequence, most commonly the T1c sequence. These approaches have demonstrated

computational simplicity when compared to multiparametric data-driven methods. Nevertheless,

a single MRI sequence is often inadequate for capturing the complete morphological characteris-

tics of the tumor under investigation. Furthermore, uniparametric data-driven methods tend to

exhibit elevated false positive and false negative rates, primarily due to the resemblance between

the enhancement patterns of tumorous and healthy tissues. For example, Hirsch et al. [70] have

introduced a deep learning model based on a 3D U-Net convolutional neural network (CNN) to

achieve fully automated breast tumor segmentation in MRI scans (see Figure 2.8 for illustration),

reaching radiologist-level accuracy. The model was trained on an extensive dataset of over 60,000

clinical MRI scans, which included 2,555 segmented malignant cases and 60,108 benign cases, en-

abling robust feature extraction and superior generalization. By leveraging volumetric 3D imaging
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data rather than the conventional 2D slice-by-slice approach, the model captures complex spatial

characteristics of tumors. Additionally, dynamic contrast enhancement (DCE) data and intensity

normalization techniques were employed to harmonize imaging features across scans, enhancing

segmentation precision. The model achieved a Dice score of 0.77, closely matching radiologists’

performance (Dice scores of 0.69 to 0.84). Thus highlighting its potential as an efficient and

accurate tool for breast MRI analysis.

Despite these advancements, the model has limitations in handling cases with specific tumor

morphologies and dense breast tissue, particularly in patients with high background parenchymal

enhancement (BPE), where segmentation accuracy decreases. The MRI protocol used (sagittal

plane imaging) also limits direct application in settings favoring axial planes, which are more com-

mon in clinical practice. To address these issues, future work could involve training the model

on larger, more diverse datasets that include high-resolution, multi-planar images, especially axial

plane MRIs, and integrating further optimization techniques to improve accuracy in dense tis-

sue cases. Expanding these capabilities could greatly enhance the model’s robustness, clinical

applicability, and diagnostic impact in breast imaging.

Figure 2.8: Illustration of the 3D U-Net convolutional neural network used for segmentation in the
work of Hirsch et al. [70]

In addition, Rehman et al. [146] have proposed EEU-Net, an improved deep learning model for

breast tumor segmentation in MRI scans, addressing the challenges of manual segmentation, tumor

variability, and computational complexity. EEU-Net enhances the U-Net architecture by integrat-

ing Edge Encoder Blocks (EEB) and Edge Guidance Blocks (EGB) to focus on tumor boundaries,

improving segmentation accuracy. The model was tested on the RIDER breast MRI dataset us-

ing five-fold cross-validation, achieving superior performance compared to state-of-the-art models,

with a Dice coefficient of 0.884 and a Jaccard index of 0.804. Its custom loss function combines

pixel loss and boundary loss, ensuring precise tumor region identification. Results demonstrate

that EEU-Net effectively captures tumor structures and edges, outperforming traditional meth-
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ods. Future work aims to apply the model to larger datasets, enhance computational efficiency,

and incorporate multi-modal MRI inputs for further improvements in automated breast cancer

diagnosis. The architecture of EEU-Net as it is proposed by Rehman et al. [146] is exhibited in

Figure 2.9.

Figure 2.9: Architecture of EEU-Net proposed by Rehman et al. [146]

Furthermore, Wang et al. [172] have proposed a hybrid architecture combining 2D and 3D

networks, using a technique called M2D3D-MC. The objective of this work is to combine the com-

putational efficiency of 2D networks with the volumetric representation capabilities of 3D networks.

The proposed method, M2D3D-MC, introduces three key contributions: (i) a hybrid 2D–3D con-

volutional module that addresses the loss of volumetric information inherent in 2D networks by

integrating 3D spatial features extracted from adjacent slices; (ii) a multi-scale block designed

to mitigate the impact of significant variations in lesion size on segmentation accuracy; and (iii)

an image representation reconstruction module to enhance the overall segmentation performance.

The M2D3D-MC model was evaluated on a dataset comprising 90 patients and 2,245 annotated

axial slices. The method achieved promising results, with a Dice Similarity Coefficient (DSC) of

76.48, Sensitivity (SEN) of 75.93, and Positive Predictive Value (PPV) of 82.40. M2D3D-MC out-

performed conventional segmentation models, including 2D U-Net, 3D U-Net, and other widely

used approaches, demonstrating superior segmentation accuracy. Notably, the integration of a

multi-scale block enabled more effective segmentation of lesions with varying sizes. Nevertheless,

a key limitation of this study lies in the relatively small dataset, which may affect the model’s gen-

eralizability. Expanding the dataset would likely enhance the robustness and overall performance

of the proposed approach.
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Moreover, Jiao et al. [81] have exhibited a 2D segmentation method based on U-Net++. The

presented method is composed of two steps: in the first step, the whole breast region is segmented

from the DEC-MRI image using the U-Net++. In the second step, Faster RCNN is employed to

detect the mass like tumor from the produced segmented object of the breast region. The proposed

segmentation technique was evaluated using a private dataset consisting of images from 75 patients

and subsequently compared to U-Net. The results demonstrated a marginal improvement over U-

Net, with performance metrics showing slight gains: Dice Coefficient of 0.951 (versus 0.941 for

U-Net), Jaccard Index of 0.908 (versus 0.891 for U-Net), and Sensitivity of 0.948 (versus 0.941 for

U-Net). May be this is due to the limited dataset size. Increasing the number of patients in the

dataset could improve the generalizability of the method.

2.4 Comparison of the reviewed methods

Each of the reviewed deep learning-based methods exhibits distinct characteristics, each tailored

to address specific aspects of tumor segmentation. In this section, we provide a comprehensive

comparison of the analyzed studies based on four key criteria: the data dimensionality handled

by each approach, the techniques employed, the dataset(s) used for training and evaluation, and

the reported results which are presented as stated in the original published works. Specifically,

the results are expressed in terms of three evaluation metrics, namely: accuracy, Dice Similarity

Coefficient (DSC), and Jaccard index. Mathematically, these evaluation metrics are formulated

using the parameters: True Positives (TP), True Negatives (TN), False Positives (FP), and False

Negatives (FN), defined as follows:

• TP: refers to the number of correctly segmented contaminated pixels (voxels).

• TN: represents the number of correctly segmented uncontaminated pixels (voxels).

• FP: designates the number of uncontaminated pixels segmented as contaminated pixels (vox-

els).

• FN: is the number of contaminated pixels segmented as uncontaminated pixels (voxels).

The formulas for the evaluation metrics are given as follows:

Accuracy =
TP + TN

TP + TN + FP + FN
,

it measures the overall correctness of the model by considering both correctly segmented contam-

inated and uncontaminated pixels (voxels).

DSC =
2TP

2TP + FP + FN
,
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it quantifies the overlap between predicted and ground truth segmentations, with values ranging

from 0 (no overlap) to 1 (perfect overlap).

Jaccard Index =
TP

TP + FP + FN
,

Also known as the Intersection over Union (IoU), it evaluates the similarity between predicted and

actual segmentations.

Table 2.1 summarizes the key characteristics of these methods

Class Work Data dimen-
sion

Description Technique(s) Dataset(s) Result(s)

M
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lt
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ri
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en
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h
o
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Peng et al.
[139] (2022)

3D Breast tumor seg-
mentation in 3D
multi-modal MRI
using hierarchical
networks and inter-
modality information
interaction

DenseVoxNet, 3D-
TOSN, BD-RSIIM

Private dataset
with 590 patients,
3D breast MRI
scans (including
T1c and T2c im-
ages)

DSC: 90.49% (T1c),
85.07% (T1)

Liu et al. [105]
(2021)

Pseudo-3D Breast tumor prognos-
tic outcome prediction
on 3D DCE-MRI

Mask-Guided CNN
(3D-VGGNet, CAM,
mask-guided atten-
tion)

Private dataset
with 115 patients
(3D DCE-MRI
scans)

Accuracy (training:
82.3%, validation:
79.6%)

Zhang et al.
[190] (2022)

3D Automatic detection
and segmentation of
breast cancer in MRI

Mask R-CNN
(Region-based
CNN with Feature
Pyramid Network,
ResNet-101)

Private dataset
with 241 patients
(training) and 98
patients (testing).
Non–fat-sat MRI
for training, fat-sat
MRI for testing

Per-slice detection
accuracy of 86%
(training) and 75%
(testing). Per-lesion
detection rate: 99.5%
(training), 100%
(testing). DSC :
82%) (training),
79%) (testing).

U
n
ip
a
ra
m
et
ri
c
d
a
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-d
ri
v
en

m
et
h
o
d
s

Hirsch et al.
[70] (2020)

3D Fully automated breast
tumor segmentation in
MRI using deep learn-
ing

3D U-Net,
DeepMedic, Con-
ditional Random
Field

Large private
dataset: 2,555 ma-
lignant + 60,108
benign breasts
for training and
250 test cases
segmented by radi-
ologists

DSC: 77%

Rehman et al.
[146] (2024)

2D Boundary-driven deep
learning for precise seg-
mentation of breast tu-
mors in DCE-MRI

EEU-Net Public dataset:
RIDER breast
MRI dataset
[rider]

Jaccard Index: 80%
and DSC: 88%

Wang et al.
[172] (2021)

Mixed 2D and
3D

Lesion segmentation in
breast DCE-MRI

M-2D3D Private dataset
with 90 patients,
2245 annotated
axial slices

DSC: 76.48%, better
segmentation of vary-
ing lesion sizes.

Jiao et al. [81]
(2020)

2D Deep CNN-based auto-
matic breast segmenta-
tion and mass detec-
tion in DCE-MRI

U-Net++ Private dataset
with 75 patients

DSC: 95%, Jaccard
Index: 0.91%

Table 2.1: Comparison of the reviewed methods according to few criteria.

2.5 Synthesis and insights

From Table 2.1, it is evident that most of the reviewed approaches employ full 3D deep learning

models. Examples include Peng et al.’s IMIIN, which utilizes DenseVoxNet, as well as 3D-TOSN
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and BD-RSIIM. Additionally, Hirsch et al. propose a 3D U-Net–based method, while Zhang et

al. implement Mask R-CNN, all of which leverage volumetric data to capture spatial context. In

contrast, Liu et al. adopt a pseudo-3D approach, where a 2D CNN is enhanced with 3D contex-

tual cues to predict prognostic outcomes. Meanwhile, Jiao et al. rely on a purely 2D architecture,

specifically U-Net++, for segmentation and mass detection. This observation underscores the

preference for 3D segmentation over 2D segmentation, as 3D representations provide a more com-

prehensive spatial perspective and enable the extraction of more discriminative features for tumor

characterization.

Moreover, the majority of the reviewed methods were trained and evaluated on private

datasets, which vary significantly in size and composition. Hirsch et al. utilized a large dataset

comprising over 60,000 scans, facilitating robust training, whereas smaller datasets, such as Jiao

et al.’s (75 patients), limit the generalizability of the model. Peng et al.’s dataset, consisting of

590 patients, and Zhang et al.’s 241 training cases provide a moderate-scale dataset; however,

they lack standardization. In contrast, only one study leveraged a public dataset, specifically the

RIDER breast MRI dataset. Consequently, comparing the performance of the analysed methods

remains challenging due to variations in evaluation data. Despite these differences, the major-

ity of approaches employ convolutional autoencoders with diverse architectures, highlighting their

relevance in this domain.

Overall, the reviewed methods demonstrate that full 3D models excel in precise tumor delin-

eation due to their ability to leverage volumetric context. In contrast, pseudo-3D and 2D methods

can also achieve high effectiveness, particularly when enhanced with attention mechanisms or

multi-input strategies, making them suitable for both segmentation and prognostic tasks. The

choice of architecture reflects a balance between dataset size, computational complexity, and spe-

cific clinical objectives, with each approach exhibiting distinct advantages in terms of accuracy,

Dice Similarity Coefficient, Jaccard Index, and overall performance.

As the field of DCE-MRI breast tumor segmentation continues to advance, several promising

research directions emerge. The following outlines key perspectives and potential strategies to

further enhance this domain. Future efforts should focus on optimizing convolutional autoencoders,

exploring alternative deep learning architectures, integrating multiple approaches, and developing

novel models to achieve more accurate and efficient segmentation. The following are our suggestions

for future works:

• All the reviewed methods were trained on well-aligned, high-quality datasets. To make

these approaches more adaptable to real-world clinical settings, future research should focus

on developing robust pre-alignment modules and domain adaptation techniques that can

handle diverse datasets with varying MRI protocols and modalities.

• Full 3D models deliver great accuracy, but they come with high computational costs. To

make them more practical for real-world clinical use, future research could focus on developing
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lighter architectures or using efficient training techniques like model pruning and knowledge

distillation.

• Hybrid and pseudo-3D approaches hold great potential, but further research is needed to

better capture 3D spatial relationships while keeping computational demands manageable.

• Although overall accuracy is high, segmenting small or irregularly shaped tumors remains a

challenge. Integrating advanced loss functions, such as boundary-aware or focal loss, along

with attention mechanisms designed to capture fine details, could help improve performance.

• The widespread use of private datasets limits reproducibility and comparability across stud-

ies. Creating and leveraging large, publicly available datasets would enable cross-validation,

standardized benchmarking, and broader clinical adoption.

2.6 Conclusion

In conclusion, this chapter has presented a comprehensive review of DCE-MRI breast tumor seg-

mentation research, focusing on recent state-of-the-art methods aimed at enhancing segmentation

accuracy. Through a comparative analysis based on key criteria, we identified the strengths and

limitations of existing approaches. This evaluation also outlined promising directions for future

research to further advance the field and improve clinical outcomes.

In the next chapter, we will provide the necessary details and descriptions of our main con-

tribution made in the setting of this work, by which we aim to further contribute to the progress

in DCE-MRI breast tumor segmentation and ultimately improve patient outcomes.



Chapter 3

RicIU-Net: Rician noise injection in the
U-Net Encoder for breast DCE-MRI
tumor segmentation

3.1 Introduction

Dynamic Contrast-Enhanced MRI (DCE-MRI) is a key modality for breast tumor detection, but

its diagnostic value is often compromised by Rician noise, which degrades image quality and

affects segmentation accuracy. While U-Net remains a widely used architecture for medical image

segmentation, it is sensitive to such acquisition artifacts.

In this chapter, we introduce RicIU-Net, a robust variant of U-Net designed to improve seg-

mentation performance under noisy conditions. Our approach involves injecting controlled Rician

noise into selected Encoder layers during training, enabling the model to learn more discriminative

and noise-resilient features. The chapter is organized as follows: Section 3.2 introduces the na-

ture and impact of Rician noise in breast DCE-MRI imaging, emphasizing its detrimental effects

on segmentation accuracy. Section 3.3 reviews prior work on noise injection as an augmentation

strategy in deep learning, highlighting the gap in its application to breast MRI segmentation.

Section 3.4 presents the proposed RicIU-Net model, detailing the rationale for feature-space noise

injection and the specific modifications made to the U-Net architecture. Section 3.5 describes the

implementation pipeline, dataset characteristics, as well as training and validation of the proposed

architecture, and reports the performance of the new RicIU-Net compared with the baseline and a

recent U-Net variant. Finally, Section 3.6 concludes the chapter with a summary of the presented

contributions.
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3.2 Prior work on noise injection as an augmentation tech-

nique

3.2.1 Description of existing work

Noise injection into the hidden layers of CNNs has emerged as a powerful augmentation and reg-

ularization strategy. By perturbing intermediate representations, such techniques aim to improve

generalization, robustness to adversarial attacks, and out-of-distribution (OOD) performance. A

notable contribution in this area is the work of He et al. [67] who have proposed Parametric Noise

Injection (PNI), where trainable Gaussian noise is added to the weights or activations of a net-

work. When combined with adversarial training, this method led to significant gains in both clean

and adversarial accuracy, with improvements of +1.1% and +6.8%, respectively, on CIFAR-10.

In parallel, Zhong et al. [195] have introduced the concept of adversarial perturbation in internal

activations through the Adversarial Noise Layer (ANL) and the Class Adversarial Noise Layer

(CANL), focusing on perturbing feature maps rather than inputs. Their technique demonstrated

improved robustness while maintaining classification performance.

Further advancing the concept of noise regularization, Levi et al. [99] have proposed the Noise

Injection Node Regularization (NINR), a technique that injects structured noise into individual

neurons during training. This method outperformed classic regularizers such as Dropout and L2

regularization, especially in scenarios with domain shifts. Moreover, Thapa et al. [167] have

investigated the effects of different noise types (e.g., Gaussian, speckle, salt-and-pepper) injected

at the input level and observed their impact on CNN performance. Their study revealed that

speckle noise is particularly effective at maintaining model robustness, while hidden-layer noise

was acknowledged as a complementary approach worth deeper exploration.

On the other side, the work of Hendrycks et al. [68], through the Many Faces of Robustness

study, systematically has analyzed several augmentation strategies including AugMix, Dropout,

and weight noise. Their experiments on calibration and generalization highlighted that noise in-

jected at the weight level, especially when applied beyond the input, improves OOD generalization

and calibration reliability. Finally, in a more recent work, Kim et al. [87] have exhibited Colored

Noise Injection (CNI), an evolution of PNI that introduces structured, layer-specific noise during

training. Unlike independent Gaussian noise, CNI correlates perturbations across layers, leading

to increased robustness without sacrificing accuracy on clean data.

3.2.2 Gap in the literature and motivation

Despite the diversity of the aforementioned contributions, the vast majority of noise injection

techniques have been developed and evaluated primarily in the context of image classification tasks.

Applications to more complex problems such as medical image segmentation remain relatively
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unexplored. In particular, to the best of our knowledge, no prior work has explicitly investigated

the use of hidden-layer noise injection as an augmentation strategy for DCE-MRI in the context

of breast tumor segmentation.

Given the critical importance of accurate lesion delineation in DCE-MRI for diagnosis, treat-

ment planning, and monitoring, there is a clear opportunity to explore the potential of such

techniques in this domain. The present work aims to address this gap by introducing and eval-

uating a novel noise injection strategy applied within the hidden layers of a convolutional neural

architecture, specifically tailored for 2D breast DCE-MRI tumor segmentation. Our hypothesis

is that this strategy can improve the model’s ability to learn robust, discriminative features by

reducing overfitting to noise-free training distributions and enhancing generalization to variable

imaging conditions.

3.3 Rician noise in breast DCE-MRI: Characteristics and

impact

3.3.1 Rician noise

Rician noise is precisely characterized by its probability density function, which describes the

distribution of signal magnitudes in MRI arising from thermal noise:

fR(r, σ, σn) =
r

σ2
n

exp

(
−r2 + σ2

2σ2
n

)
I0

(
rσ

σ2
n

)
,

where r denotes the signal magnitude, σ represents the true signal amplitude, and σn is the

standard deviation of the noise.

Rician noise is the preferred model for simulating realistic conditions in breast MRI due to

two principal factors:

• On one hand, in DCE-MRI, thermal noise in raw complex data is Gaussian. However,

the non-linear transformation during magnitude image reconstruction inherently converts

this into a Rician distribution. Consequently, Rician noise accurately models the statistical

properties of noise observed in clinical breast MRI magnitude images.

• On the other hand, Rician noise, unlike the Gaussian, demonstrates signal-dependent be-

havior. Its distribution varies with underlying signal intensity; it approaches a Rayleigh

distribution in low SNR regions and approximates a Gaussian distribution in high SNR ar-

eas. This dependency is crucial for realistic simulation across the diverse signal intensities

within a breast MRI image.
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3.3.2 Detrimental effects of Rician noise on breast MRI images

The presence of Rician noise in breast DCE-MRI images introduces several significant challenges

that can impede accurate diagnosis and subsequent image processing:

• Rician noise introduces a signal-dependent bias, particularly pronounced in low SNR regions.

This bias artificially elevates signal intensities in areas with genuinely low signal, leading to

a reduction in image contrast. In breast DCE-MRI, this phenomenon can obscure subtle

lesions, making their differentiation from healthy tissue or background noise considerably

more challenging.

• Rician noise manifests as random fluctuations in pixel intensities, resulting in a grainy or

speckled appearance. This directly diminishes the perceived visual quality of the image,

complicating the interpretation of anatomical details and the identification of abnormalities

by radiologists. Such degradation can obscure vital diagnostic information and diminish

diagnostic confidence.

• The inherent bias from Rician noise can lead to inaccuracies in quantitative metrics derived

from breast MRI, such as tumor size, enhancement kinetics in DCE-MRI, and diffusion

parameters in diffusion-weighted imaging. These quantitative assessments are critical for

precise diagnosis, treatment planning, and monitoring therapeutic responses. Inaccurate

measurements due to noise can result in mischaracterization of lesions or suboptimal clinical

decisions.

• The signal-dependent and non-Gaussian nature of Rician noise complicates its removal or

mitigation using conventional denoising algorithms, which often presuppose Gaussian noise.

This significantly impacts subsequent image processing steps, including segmentation, regis-

tration, and feature extraction, which are fundamental to computer-aided diagnosis (CAD)

systems. Noisy images can produce imprecise segmentation boundaries, affecting the accu-

racy of tumor volume estimation and shape analysis.

3.4 Proposed model: RicIU-Net

The proposed model, herein called: Rician-Injected U-Net (RicIU-Net), builds upon the standard

U-Net architecture, which is widely adopted for medical image segmentation tasks due to its

Encoder-Decoder structure and skip connections. For a comprehensive description of the baseline

U-Net architecture, the reader is referred to Subsection 1.5.2.2 of Chapter 1. In this section,

we introduce the principal innovation of the RicIU-Net: a feature-space Rician noise injection

mechanism incorporated during training to enhance model robustness and generalization under

noisy clinical imaging conditions. The architecture of the RicIU-Net presented is illustrated in

Figure ?? and its detailed descriptions are given in the following subsections.
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3.4.1 Feature-space Rician noise injection

The core methodological contribution of the new RicIU-Net is the injection of synthetic Rician

noise into the intermediate feature representations generated by the Encoder during training.

Unlike conventional data-augmentation approaches that perturb the input domain, this technique

perturbs the internal representational space, thereby promoting the acquisition of noise-invariant

and semantically rich features.

Let Fl denote the feature map output by Encoder layer l. The perturbed feature map F̃l is

defined as:

F̃l =
√
(Fl + nr)2 + n2

i , (3.1)

where nr and ni are independent Gaussian noise tensors with zero mean and standard deviation

σ, representing the real and imaginary components of complex Gaussian noise, respectively. This

formulation effectively models Rician-distributed noise, which is characteristic of magnitude MRI

images subject to thermal fluctuations.

Noise is introduced only during the training phase and is not applied during inference, thus

preserving prediction fidelity. At each training iteration, Encoder layers for noise injection are

randomly selected to ensure robustness across multiple representational depths. The noise intensity

σ is treated as a hyperparameter, allowing the model to be calibrated to varying levels of image

degradation.

3.4.2 Rationale for feature-space noise injection

Feature-space noise injection offers several theoretical and empirical advantages over input-level

perturbations. Firstly, it preserves the anatomical and structural consistency of input images,

which is critical for accurate medical segmentation. Secondly, perturbing internal representations

allows the network to experience a broader spectrum of degradation patterns, encouraging the

learning of noise-resilient abstractions. Finally, this method introduces an implicit regularization

effect that mitigates overfitting to clean training data, a phenomenon particularly relevant when

datasets are limited in size or variability.

This strategy is aligned with previous findings that demonstrate that injecting noise into inter-

mediate network representations improves robustness and generalization [12, 124]. By disrupting

the latent space during optimization, the model is forced to rely on stable, task-relevant features

that are less sensitive to superficial distortions.
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3.4.3 Motivation for Encoder-only noise injection

A key design decision in the RicIU-Net architecture is to restrict noise injection exclusively to

the Encoder pathway. This choice is grounded in the distinct functional roles of the Encoder

and Decoder within U-Net. The Encoder is responsible for extracting high-level semantic features

from the input, while the Decoder reconstructs spatial detail and produces the final segmentation

mask. Hence, the perturbation of the Encoder fosters the development of robust, noise-invariant

features, which are essential for reliable downstream segmentation. In contrast, injecting noise

into the Decoder would risk compromising the integrity of the reconstructed spatial information,

potentially leading to degraded boundary delineation and reduced accuracy.

Additionally, given that skip connections already transfer fine-grained information from the

Encoder to the Decoder, it is imperative to maintain these signals in a relatively uncorrupted state

to preserve anatomical fidelity. From an optimization perspective, limiting perturbations to the

Encoder stabilizes the training process and avoids direct interference with the segmentation output

layer.

As can be seen in Figure 3.1, the proposed architecture RicIU-Net consists of an input layer,

four encoding blocks, a central deep convolutional block, followed by four decoding blocks and a

two-channel output layer. Rician noise is injected exclusively into the fourth Encoder block and

the central block (block 5), with a noise level of σ = 0.05. This latter configuration has been

selected based on an empirical evaluation of several noise injection strategies, which varied both

the number of perturbed Encoder layers (i.e. including perturbation of all Encoder layers, only

the early layers, or only the deeper layers) and the noise scheduling schemes (i.e. including fixed α

values, increasing α with depth, and decreasing α with depth). Among the tested configurations,

the selected strategy consistently yielded the most favorable segmentation performance. These

results suggest that targeted perturbation of deeper encoder representations strikes a balance

between regularization and feature discriminability.

3.4.4 RicIU-Net vs. baseline U-Net: Expected improvements

The proposed modification to the U-Net architecture, which involves the controlled injection of

Rician noise into Encoder feature maps during training, is expected to offer several key advantages,

particularly in the context of noisy clinical MRI data.

• First, this approach is expected to improve the robustness of the model by simulating real-

world acquisition artifacts. Exposure to such noise during training should help the network

develop resilience to signal degradation commonly encountered in clinical imaging.

• Second, by perturbing intermediate feature representations, the model is expected to learn

more discriminative and noise-invariant features, thereby enhancing its ability to accurately
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Figure 3.1: Illustration of the architecture of the proposed RicIU-Net.

segment relevant structures even under suboptimal image quality conditions. This is hy-

pothesized to result in improved generalization performance, particularly when applied to

heterogeneous or previously unseen datasets.

• Third, noise injection is expected to function as an effective form of implicit regularization,

minimizing overfitting to clean training data. By introducing controlled variability through

synthetic noise, the training process can emulate a wider range of imaging scenarios without

requiring additional annotated data.

• Finally, these enhancements are expected to translate into improved segmentation perfor-

mance, as measured by quantitative metrics such as the Dice similarity coefficient, particu-

larly in settings where input images exhibit significant noise.

These hypotheses will be empirically validated by comparative experiments against a baseline

U-Net model, using a real-world breast DCE-MRI dataset.

3.5 Implementation and evaluation

3.5.1 Experimental dataset

The subsubsections below describe the dataset used in this study, as well as how this latter has

been prepared for the training, validation, and test of the presented RicIU-Net architecture.
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3.5.1.1 Dataset description

For training and evaluation of the RicIU-Net model, we have used the publicly available BreastDM

data set [194], which is composed of breast DCE-MRI images offering high-resolution visualization

of breast tissues and tumor regions, each associated with a manually annotated segmentation mask

provided by medical experts. The main characteristics of the dataset are summarized as follows:

• Format of the images: The DCE-MRI images are in the RGB format with varying reso-

lutions, resized to a uniform size of 256×256 pixels to facilitate training.

• Number of images: After a cleaning operation of the dataset, 29512 images in total are

remained, divided into 20434 images for training, 1989 images for validation, and 7089 images

for testing.

• Format of the segmentation masks: The binary masks are also in 256×256 pixels of

size. They indicate the presence of a tumor (resp. tumors) within the associated DCE-

MRI images, where their foreground (representing the tumor(s)) is labeled as 1 and their

background as 0.

• Organization of the data: The dataset is essentially partitioned into three distinct subsets,

namely: a training set (used to train the model parameters), a validation set (used to monitor

model performance and prevent overfitting) and a test set (used to objectively evaluate

generalization performance).

3.5.1.2 Dataset preparation

Before training, all input images of the dataset were normalized to the [0,1] range to ensure

consistent intensity scaling and facilitate numerical stability across the dataset. To improve the

model’s ability to generalize and better reflect real-world variability, a data augmentation strategy

was employed that included random rotations and flips to introduce spatial diversity.

3.5.2 Development environment and tools

For this project focused on the segmentation of breast cancer tumors from medical images, the de-

velopment environment used is Google Colab Pro. This cloud-based platform provides computing

power well-suited to the needs of deep learning, notably through access to GPU/TPU resources

that significantly accelerate model training.

Furthermore, the dataset is loaded directly from Google Drive. This approach ensures quick

and secure access to datasets stored in the cloud and facilitates the automatic saving of models

and intermediate results.
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Moreover, the entire project is implemented using the Python programming language, which

is a standard in artificial intelligence due to its simplicity and its extensive ecosystem of specialized

libraries. Among these latter, we have mainly used:

• TensorFlow : for building, compiling, and training deep learning models.

• NumPy: for managing multidimensional arrays and performing numerical operations.

• OpenCV: for image processing and manipulation.

• Matplotlib: for visualizing results such as images, masks, and training curves.

• os: for file handling and navigation within the directory structure.

Figure 3.2: Illustration of an implemented part of RicIU-Net’s Encoder.

An overview of the implemented architecture is given in Figures 3.2 and 3.3.

3.5.3 RicIU-Net training and validation

The performance of the RicIU-Net model was evaluated using several performance metrics in the

training, validation, and test sets. The evaluation has been carried out in 60 epochs out of 150,
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Figure 3.3: Illustration of an implemented part of RicIU-Net’s Decoder.

using a learning rate dynamically adjusted by ReduceLROnPlateau that has shown the value of

6.25 × 10−6 in epoch 60. The perfamce evaluation include: Dice Similarity Coefficient (DSC),

Intersection over Union (IoU), Precision, Recall, and Dice loss as a loss function. For illustration,

Figure 3.4 (resp. Figure 3.5) shows the evolution of the DSC metric (resp. the Dice loss) through

the epochs during training and validation phases. Table 3.1 then summarizes the best results

obtained for all the used metrics.

Metric Training Validation
DSC 0.8921 0.6325
Precision 0.9142 0.7483
Recall 0.8743 0.6052
Dice loss 0.1097 0.3703

Table 3.1: Summary of RicIU-Net model performance at epoch 60 for training and validation
phases.

Generally, RicIU-Net shows strong initial performance with DSC of 0.8921, Precision of 0.9142,

and Recall of 0.8743 on the training set. While a gap exists with the validation set (DSC of

0.6325, Precision of 0.7483, and Recall of 0.6052), this highlights clear opportunities for future

enhancement. The current Dice loss values, 0.1097 on training and 0.3703 on validation, provide
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Figure 3.4: Trend of the DSC for training and validation across epochs.

Figure 3.5: Trend of the Dice loss for training and validation across epochs.

a solid baseline. The observed lower recall on validation points to specific areas for improving

comprehensive tumor region capture, underscoring the model’s significant potential with continued

optimization.

3.5.4 Evaluation of RicIU-Net and comparison with existing methods

A comparative analysis of segmentation performance has been performed between the proposed

RicIU-Net and two concurrent methods: standard U-Net [150] and U-Net2.1D [11], and the results

obtained are presented in Table 3.2. Specifically, the evaluation was carried out in the training,
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validation, and test phases using the same dataset (i.e. BreastDM) as used in the benchmark study

by Bilic and Chen [11], ensuring a fair and consistent comparison. As reported in that benchmark,

the DSC for the standard U-Net and U-Net2.1D models reached 0.49 and 0.60, respectively. In

contrast, the proposed RicIU-Net achieved a superior DSC of 0.62, along with an IoU of 0.72

and a minimized segmentation loss of 0.38. These results demonstrate a consistent performance

improvement, highlighting the efficacy of the proposed feature space Rician noise regularization

strategy in improving segmentation quality. Notably, RicIU-Net outperforms the benchmarked U-

Net variants without relying on architectural complexity, suggesting its potential as a lightweight

yet effective enhancement to standard Encoder–Decoder models.

For visual illustration, Figures 3.6, 3.7, and 3.8 present the segmentation results produced by

the proposed RicIU-Net in three representative cases: a small tumor, a medium-sized tumor, and

a large tumor presenting, either a roundish or an irregular (speculated) boundary. As observed,

the predicted masks closely match the ground truth in terms of shape, boundary definition, and

spatial extent. These visual results qualitatively confirm the model’s ability to accurately delineate

tumor regions in varying tumor sizes and morphologies in DCE-MRI breast images.

Evaluated model DSC Dice loss IoU
Baseline U-Net2D (2015)[150] 0.49 / /
U-Net2.1D (2024)[11] 0.60 / /
RicIU-Net (proposed) 0.62 0.38 0.72

Table 3.2: Comparison of performance metrics between RicIU-Net and existing methods.

Figure 3.6: Example of the segmentation obtained by the proposed RicIU-Net for a small breast
tumor.
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Figure 3.7: Example of the segmentation obtained by the proposed RicIU-Net for a medium-sized
breast tumor.

Figure 3.8: Example of the segmentation obtained by the proposed RicIU-Net for a large breast
tumor.

3.6 Conclusion

This work introduced RicIU-Net, an enhanced variant of the U-Net architecture, specifically de-

signed to improve robustness in breast tumor segmentation under Rician noise conditions com-

monly present in DCE-MRI. By selectively injecting Rician noise into deeper Encoder layers during

training, the model is encouraged to learn more pertinent and discriminative features, rather than

overfitting to noise or low-level artifacts. The proposed method outperforms both the standard

U-Net and one of its recent variants, achieving superior quantitative results and visually coher-

ent segmentations. These findings underscore the importance of incorporating acquisition-related
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artifacts into the training process to develop more resilient, generalizable, and clinically viable

segmentation models.



General conclusion

The integration of artificial intelligence into medical imaging, particularly for the analysis of breast

tumors, represents an important step forward in modern medicine. Throughout this work, we have

shown how deep learning architectures, especially convolutional neural networks such as U-Net,

can significantly improve the automation of medical image segmentation and contribute to more

accurate and reliable diagnoses.

This work addresses a central challenge in medical image analysis: the robustness of breast

tumor segmentation models in the presence of intrinsic noise in DCE-MRI images, particularly

Rician noise. This noise can significantly degrade the image quality and limit the effectiveness

of models trained under ideal, noise-free conditions. To overcome this limitation, we introduced

an original solution: Rician-Injected U-Net (RicIU-Net), a modified version of U-Net that injects

controlled Rician noise into the deeper layers of the encoder during training. This approach

encourages the model to learn more robust and discriminative features, making it better adapted

to the variability and imperfections of real-world medical imaging.

The experimental analysis carried out in this study demonstrated the superiority of RicIU-Net

compared to the classical U-Net and its recent variant U-Net2.1D, particularly on the BreastDM

benchmark dataset. The performance gains observed in terms of Dice Score and Intersection over

Union (IoU) highlight the effectiveness of our noise injection strategy within the feature space.

Notably, these improvements were achieved without relying on any external denoising techniques,

emphasizing the strength and robustness of the proposed approach.

Nonetheless, the findings of this work also open up several promising avenues for future re-

search. These include adapting the model to three-dimensional (3D) data, extending its application

to other medical imaging modalities, and exploring its deployment in resource-constrained envi-

ronments. Further improvements could involve the integration of attention mechanisms or the

use of transfer learning strategies to enhance generalization. Additionally, ethical aspects related

to medical data privacy and algorithmic transparency should be carefully considered in future

developments.
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ABSTRACT

Breast cancer is one of the most common and deadly cancers in women. Furthermore,

dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI) plays a key role in its diag-

nosis. However, the images produced by this latter medical imaging modality are often affected

by Rician noise, which badly affects the performance of segmentation models. This manuscript

reviews and discusses recent deep learning methods for DCE-MRI breast tumor segmentation.

Then, it introduces RicIU-Net, a U-Net variant that injects Rician noise into encoder layers

during training to improve robustness. Tested on the public BreastDM dataset, RicIU-Net

outperforms U-Net and U-Net 2.1D in terms of ice sore and yields a satisfactory IoU score,

showing better adaptation to real-world imaging conditions. Hence, the proposed approach offers

a simple yet effective way to enhance the reliability of the segmentation without external denoising.

Key words : Breast DCE-MRI; Tumor region; Image segmentation; U-Net architecture;

Deep learning; Convolutional neural network.

RÉSUMÉ

Le cancer du sein est l’un des cancers les plus fréquents et les plus mortels chez la femme.

L’imagerie par résonance magnétique avec injection de produit de contraste (IRM DCE) joue un

rôle essentiel dans son diagnostic. Toutefois, les images produites par cette modalité d’imagerie

médicale sont souvent affectées par le bruit de Rician, ce qui nuit fortement aux performances

des modèles de segmentation. Ce mémoire passe en revue et analyse les méthodes récentes

d’apprentissage profond pour la segmentation des tumeurs mammaires en IRM DCE. Il propose

ensuite RicIU-Net, une variante de U-Net intégrant une injection contrôlée de bruit de Rician

dans les couches de l’encodeur durant l’entrâınement, afin d’améliorer la robustesse du modèle.

Évalué sur la base de données publique BreastDM, RicIU-Net surpasse U-Net et U-Net 2.1D

en termes de Dice score, et présente un score IoU satisfaisant, montrant une meilleure adapta-

tion aux conditions d’imagerie réelles. Ainsi, l’approche proposée constitue une solution simple

mais efficace pour renforcer la fiabilité de la segmentation sans recourir à un prétraitement externe.

Mots-clés : IRM mammaire DCE ; Région tumorale ; Segmentation d’images ; Architec-

ture U-Net; Apprentissage profond ; Réseau de neurones convolutionnel.
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