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Abstract

This comprehensive study combines several innovative approaches to enhance the preci-
sion and efficacy of high-intensity focused ultrasound (HIFU) for cancer treatment. HIFU,
a non-invasive therapeutic technique, uses high-frequency ultrasound to ablate tumors, but
requires careful planning due to its potential for collateral damage to healthy tissues. To
overcome these challenges, multiple methodologies are introduced.

By employing a Physics-Informed Neural Network (PINN) integrated with a realistic
breast model, breast tumors are targeted with high precision. The model utilizes a bowl-
shaped acoustic transducer to focus ultrasound waves directly on the tumor, achieving
intense localized heating. The PINN method efficiently solves partial differential equations
in a mesh-free domain, providing high accuracy with significantly lower computational
demands than traditional finite element methods (FEM).

This model is employed to understand the governing dynamics of the HIFU process,
particularly the heat transfer mechanisms during sonication. Using machine learning tech-
niques, the model simulates the absorption mechanism and temperature rise, validated
through ex vivo experiments with bovine liver. This helps in accurately predicting and
visualizing the effects of treatment, facilitating the development of personalized treatment
strategies.

A novel deep learning-based optimization procedure is used for preoperative treatment
planning. It determines optimal focal locations and sonication times for each ablation
session, ensuring minimal tissue over- or under-treatment. This algorithm has shown high
potential in handling various HIFU presurgical plans and is especially effective in creating
precise treatment plans based on patient-specific material properties.

Addressing the limitations of manual HIFU operations, a real-time, low-cost image
segmentation framework based on the Swin-Unet architecture is proposed. This system
is trained and tested on B-mode imaging simulations and real images from HIFU-treated
chicken breast, demonstrating high efficiency in lesion segmentation and offering potential
for monitored, automated HIFU therapy.

By integrating these diverse approaches, the study not only enhances the thermal ef-
fects of HIFU but also offers a framework for safer, more precise, and individually tailored
cancer treatments. The combined use of advanced simulation models, deep learning ap-
proaches, and innovative technologies aims to significantly improve the therapeutic out-
comes of HIFU, making it a more viable option for cancer treatment with reduced risks
and enhanced efficacy.
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Chapter 1

Introduction

The need for advanced, non-invasive cancer treatments has grown in urgency with the
increasing global incidence of breast cancer. Traditional treatments, though e ective, of-
ten involve invasive procedures, leading to signi cant physical and emotional impacts on
patients. This context has paved the way for High-Intensity Focused Ultrasound (HIFU)
as a promising alternative. HIFU, which uses high-frequency ultrasound waves to target
and ablate tumors without requiring surgical incisions, o ers distinct advantages, such
as reduced recovery times, minimal trauma, and cost-e ectiveness, positioning it as an
innovative approach in oncology.

This thesis explores the potential of HIFU when enhanced through arti cial intelligence
(Al), focusing on a unique Al-assisted, ultrasound-guided HIFU (USgHIFU) system aimed
at improving precision, safety, and e cacy in treating breast tumors. Central to this ap-
proach is the application of a Physics-Informed Neural Network (PINN) that simulates the
complex dynamics of ultrasound energy propagation within biological tissues. This neural
network provides a solution that not only addresses the thermal and acoustic challenges
associated with HIFU but also adapts to individual anatomical variances, thus paving the
way for highly personalized treatment strategies.

The study proposes a comprehensive framework that integrates deep learning for op-
timized preoperative planning and real-time treatment monitoring. Additionally, a novel
segmentation technique based on the Swin-Unet architecture has been developed to enable
precise lesion detection, reducing risks associated with incomplete ablation. By integrating
these elements, this research aspires to advance HIFU's clinical applications and establish
a robust foundation for future non-invasive cancer therapies.



1.1 Motivation

This thesis investigates a revolutionary approach to non-invasive cancer treatment through
HIFU guided by ultrasound imaging and augmented by Al. With the increasing prevalence
of cancer globally, there is an urgent need for safer, e ective, and patient-friendly alterna-
tives to traditional surgery. Conventional cancer treatments, while e ective, often bring
about adverse physical and emotional impacts, emphasizing the importance of non-invasive
techniques. HIFU presents an attractive solution by focusing ultrasound energy directly
on the tumor, raising the temperature to therapeutic levels, and ablating the cancerous
tissue without the need for incisions. Yet, HIFU's practical application faces challenges,
such as ensuring precision targeting, avoiding damage to surrounding healthy tissue, and
maintaining e ectiveness across varying anatomical complexities.

The development of Al technologies has provided an unprecedented opportunity to ad-
dress these challenges. This research leverages a PINN model, allowing for the accurate
simulation of ultrasound interactions within biological tissues, which is instrumental in
optimizing HIFU treatments. Additionally, advanced machine learning techniques enable
the study to optimize preoperative treatment planning, automate lesion segmentation, and
improve real-time monitoring|core aspects that traditional methods struggle to handle
e ciently. The integration of Swin-Unet architecture for real-time segmentation further
re nes the precision of HIFU therapy, thus reducing treatment risks and ensuring com-
prehensive tumor coverage. This framework's potential extends to enhancing the safety,
e cacy, and personalization of cancer treatments, presenting HIFU as a viable, patient-
centered alternative in oncology.

By bridging machine learning with HIFU, this thesis lays the groundwork for advanced,
precise, and safer cancer treatments, envisioning a future where non-invasive therapies o er
e ective alternatives to conventional procedures. The insights from this work contribute to
a broader vision of Al-driven healthcare, where precision, personalized care, and minimal
patient trauma are achievable goals in treating complex medical conditions like cancer.

1.2 Thesis Objectives

The primary objective of this thesis is to enhance the precision, safety, and e cacy of
HIFU therapy for non-invasive cancer treatment, speci cally targeting breast tumors. This

objective is pursued through the integration of Al with USgHIFU systems. To achieve this
overarching goal, the following speci c objectives are set:



. Develop a PINN Model:  Construct a deep-learning-based PINN model to simu-
late the propagation of ultrasound waves in biologically realistic breast tissue. This
model aims to solve complex partial di erential equations governing heat and acoustic
wave interactions, with high computational e ciency compared to traditional nite
element methods.

. Optimize HIFU Treatment Pathways: Establish a deep learning-based opti-

mization procedure to improve preoperative treatment planning. The goal is to

determine optimal focal locations, sonication times, and scanning pathways that
minimize both treatment duration and collateral damage to healthy tissues. This

personalized planning will ensure the comprehensive ablation of tumor tissues with
minimal exposure to surrounding areas.

. Enhance Real-Time Monitoring through Image Segmentation: Design and
implement an advanced image segmentation framework based on the Swin-Unet ar-
chitecture to accurately detect and delineate HIFU-induced lesions in real-time. This
system will assist in reducing manual intervention, increase lesion segmentation ac-
curacy, and facilitate automated feedback for adaptive treatment monitoring.

. Experimental Validation and Personalized Treatment Strategy: Validate
the proposed models througlex vivo experiments using biological tissues to con rm
their accuracy in predicting thermal and acoustic e ects. The experimental phase
aims to develop a personalized treatment strategy that integrates Al, computational
modeling, and empirical data to o er safer and more precise HIFU therapies.

By achieving these objectives, this thesis aims to establish a holistic, Al-enhanced HIFU

system that not only targets tumor tissues with high precision but also facilitates real-time
monitoring and individualized treatment planning, contributing to the broader adoption
of non-invasive cancer therapies in clinical practice.

1.3 Contributions of the Field

This thesis makes several key contributions to the eld of HIFU therapy, especially in
the context of breast cancer treatment using Al-assisted USgHIFU systems. The major
contributions are as follows:

1. Development of a PINN Model for HIFU Simulation: This work introduces

a novel PINN model to simulate the complex physical interactions of ultrasound

3



waves with biological tissues in a three-dimensional, anatomically realistic breast
phantom. By leveraging the PINN approach, the computational challenges associated
with traditional methods such as nite element modeling are mitigated, leading to
improved simulation accuracy and e ciency for HIFU therapy applications.

2. Personalized Preoperative Treatment Planning Using Deep Learning: A
signi cant contribution of this thesis is the development of a deep learning-based op-
timization framework for personalized preoperative planning. By employing machine
learning techniques, the optimal focal locations, scanning pathways, and sonication
times for HIFU treatment are identi ed, reducing both treatment time and risks as-
sociated with overtreatment or undertreatment of tissues. This approach provides a
new way to achieve precise, patient-speci c therapeutic outcomes.

3. Real-Time Image Segmentation for Automated HIFU Therapy Monitor-
ing: The thesis also presents an innovative real-time image segmentation framework
utilizing the Swin-Unet architecture, which is used for monitoring HIFU therapy.
This segmentation approach is validated using both simulated and real imaging data,
demonstrating its e ectiveness in accurately identifying ablated regions. The frame-
work enhances the precision of treatment and reduces the dependence on manual
interventions, thereby contributing to automated, e cient HIFU treatment systems.

4. Experimental Validation and Translation to Clinical Applications: Exper-
imental validation through ex vivo studies involving bovine liver is conducted to
assess the accuracy of the proposed methods in predicting temperature distribution
and necrotic tissue fraction. These experiments con rm the ability of the proposed
models to predict outcomes reliably, thus providing strong evidence for the potential
clinical application of Al-enhanced HIFU therapy in cancer treatment.

5. Holistic Framework for Safer, Non-Invasive Cancer Treatment: By integrat-
ing advanced simulation models, optimization algorithms, and real-time monitoring
solutions, this work provides a holistic framework for safer, non-invasive cancer treat-
ment using HIFU. The proposed framework aims to make HIFU a more viable, acces-
sible option in clinical oncology by improving both precision and safety, ultimately
advancing the capabilities of non-invasive therapeutic technologies.

Overall, this thesis contributes novel methodologies that combine Al, deep learning,
and medical physics to overcome current limitations in HIFU treatment. These advance-
ments have the potential to signi cantly impact both the research community and clinical
practice, o ering a pathway toward more precise and personalized cancer treatments.
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1.4 Thesis Structure

The thesis is organized into seven chapters, each of which addresses a speci ¢ aspect of the
research:

1. Introduction:  This chapter provides an overview of the motivation for the research,
the signi cance of HIFU in non-invasive cancer treatment, and the role of arti cial
intelligence in enhancing HIFU therapy. It outlines the main objectives and contri-
butions of the thesis.

2. Literature Review: This chapter presents a comprehensive review of the existing
literature related to HIFU, Al-assisted treatment techniques, and relevant compu-
tational models. It highlights the current challenges and knowledge gaps that this
research aims to address.

3. PINN Model for HIFU: This chapter details the development of the PINN model
for simulating ultrasound wave propagation and heat transfer in biological tissues.
The methodology, underlying mathematical models, and advantages of using PINNs
are discussed in depth.

4. Deep Learning for Personalized Preoperative Planning: This chapter de-
scribes the design and implementation of the deep learning-based optimization frame-
work for preoperative planning. It covers the methods used to identify optimal soni-
cation parameters and scanning pathways for personalized HIFU treatment.

5. Real-Time Image Segmentation Framework: This chapter focuses on the de-
velopment of the Swin-Unet-based image segmentation framework for real-time moni-
toring of HIFU therapy. The approach, training process, and experimental validation
are discussed.

6. Experimental Validation and Results: This chapter presents the experimental
setup, validation studies, and results obtained from ex vivo experiments. It demon-
strates the accuracy and reliability of the proposed models in predicting temperature
distribution and tissue necrosis.

7. Conclusion and Future Work: The nal chapter summarizes the key ndings and
contributions of the research. It also discusses the limitations of the current work
and provides suggestions for future research directions to further enhance the e cacy
of Al-assisted HIFU therapy.



Chapter 2

Literature Review

With cancer incidence on the rise, as noted by the World Health Organization (WHO)
with expectations to triple by 2030 [14], the need for innovative and e ective treatment
methods has never been more pressing. Breast cancer specically continues to pose a
signi cant risk, leading to 284,200 new cases and 44,130 deaths in 2021 in the United
States alone [140]. Traditional surgical interventions, while e ective, come with signi cant
limitations and risks, particularly for patients with early-stage tumors who might bene t
from less invasive treatments [114]. These limitations have driven a growing demand for
alternative treatments that can o er similar or better e cacy with reduced invasiveness
and fewer side e ects.

High-Intensity Focused Ultrasound (HIFU) emerges as a promising solution to these
challenges. This innovative technology uses high-frequency sound waves to precisely target
and destroy cancer cells without the need for surgical incisions, thereby minimizing physical
trauma and recovery time for patients [114, 78]. HIFU has demonstrated signi cant e cacy
in treating both benign and malignant tumors, showcasing its versatility and potential as
a mainstream cancer treatment.

One of the key advantages of HIFU over traditional surgical methods is its non-invasive
nature, which not only reduces the risk of infection and other complications associated
with surgery but also improves the overall patient experience and comfort. Additionally,
HIFU is cost-e ective, potentially reducing the nancial burden on healthcare systems and
patients [158].

Another noteworthy bene t of HIFU is its ability to enhance drug delivery. By disrupt-
ing cell membranes, HIFU can facilitate the more e ective penetration of chemotherapeutic



agents, thereby improving their e cacy and potentially reducing the required dosage and
associated side e ects [158].

Overall, the integration of HIFU into cancer treatment protocols represents a ground-
breaking advancement in oncology, o ering a safer, more e ective, and less invasive alter-
native to traditional surgical interventions. As research and clinical applications continue
to evolve, HIFU has the potential to signi cantly impact the management of various types
of cancer, improving patient outcomes and quality of life.

Recent studies highlight HIFU's potential as a non-invasive method for breast tumor re-
moval, o ering signi cant advancements in cancer treatment with minimal physical trauma
to patients. Deckers et al. [32] evaluated a specialized breast MRHIFU system, demonstrat-
ing its capability to precisely target and ablate tumor tissues while preserving surrounding
healthy tissues. Similarly, Peek et al. [128] reviewed various applications of HIFU in
breast cancer treatment, emphasizing its versatility and e cacy in clinical settings. Feril
et al. [45] focused on the clinical use of HIFU speci cally for breast cancer, showcasing
promising results in terms of tumor reduction and patient outcomes.

2.1 Simulation

Despite these numerous experimental inquiries into HIFU, a notable gap remains in compre-
hensive studies simulating its complex multiphysics phenomena on realistic models. This
gap hinders a deeper understanding of the intricate interactions between ultrasound waves
and biological tissues, which is crucial for optimizing treatment protocols and improving
patient outcomes. Addressing this gap is essential for advancing the clinical application of
HIFU and ensuring its safety and e ectiveness across diverse patient populations.

In response to this need, our current research develops a deep-learning model to explore
HIFU's e ectiveness, building on insights from recent, signi cant analytical and numerical
studies in this area. By leveraging the power of deep learning, we aim to simulate the
complex interactions within the human body more accurately, providing a robust frame-
work for predicting treatment outcomes and tailoring HIFU protocols to individual patient
needs. This approach not only enhances our understanding of HIFU's therapeutic mech-
anisms but also paves the way for personalized cancer treatment strategies, potentially
revolutionizing the landscape of non-invasive oncology treatments.

In recent years, signi cant advancements have been made in simulating the e ects of
HIFU on various tissues, contributing to a deeper understanding of its therapeutic potential
and optimization. Yoon and colleagues [177] developed a multi-resolution simulation using
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the nite-di erence time-domain formulation for acoustic wave transmission, providing a
detailed analysis of how acoustic waves propagate through di erent tissue types. This
foundational work paved the way for more precise modeling of HIFU applications.

Building on this, Gupta et al. [52] and Rezaeian et al. [139] focused on the thermal
behavior of tissues under HIFU treatment. Gupta's team explored the delivery of ther-
mosensitive liposomal doxorubicin using HIFU, showcasing how targeted heat can enhance
drug delivery and e cacy in cancer treatment. Rezaeian et al.'s study further elucidated
the complex thermal dynamics involved, highlighting critical factors that in uence the
treatment's e ectiveness and safety.

Montienthong et al. [114] speci cally addressed HIFU ablation in breast cancer treat-
ment using a two-dimensional model. Their research demonstrated the potential of HIFU to
precisely target and ablate tumor tissues while minimizing damage to surrounding healthy
tissues. This study reinforced the importance of accurate modeling in developing e ective
HIFU treatment protocols.

Further expanding the understanding of thermal e ects, Gupta et al. [53] investigated
the thermal wave model for bioheat transfer, providing a nuanced perspective on heat
distribution during HIFU treatment. This work contrasted with Kaczmarek et al.'s [77]
use of Pennes' bio-heat equation to examine the impact of magnetic nanoparticles on heat
transfer during ultrasound hyperthermia. These studies collectively highlighted the diverse
methodologies and models used to simulate heat transfer, each contributing unique insights
into optimizing HIFU therapy.

Additionally, Mohammadpour et al. [113] studied heat transfer and hemodynamics in
HIFU ablation of the porous liver. Their comprehensive approach integrated the complexi-
ties of liver tissue structure and blood ow, providing a holistic view of HIFU's multifaceted
e ects on biological tissues. This research emphasized the importance of considering hemo-
dynamic factors in developing accurate and e ective HIFU treatment plans.

Overall, these studies illustrate the rapid advancements in simulating HIFU's e ects,
underscoring the importance of detailed and accurate models in enhancing the e cacy
and safety of HIFU treatments. By continuing to re ne these models and integrating new
insights, researchers can further optimize HIFU protocols, ultimately improving patient
outcomes and expanding the clinical applications of this promising technology.

The literature on HIFU has been constrained by a lack of comprehensive 3D mod-
eling and the absence of studies using anatomically accurate breast phantoms due to
their inherent complexity. Traditional numerical methods often fall short in capturing
the intricate details required for precise simulations of HIFU treatment, particularly in



the context of complex biological structures like the breast. To bridge this gap, leverag-
ing machine learning and deep neural networks has become increasingly e ective. These
advanced computational techniques extend to scienti c computing, where they facilitate
di erential and integral calculations, o ering a robust alternative to traditional numerical
methods [5, 40, , , , 4, , 8, ].

Machine learning, particularly deep learning, has revolutionized the way researchers
approach the simulation and analysis of medical procedures. The use of deep neural net-
works allows for the processing of large datasets and the extraction of complex patterns
that might be overlooked by conventional methods. This shift towards employing deep
learning for obtaining numerical solutions and handling the challenges of data acquisition
in the medical eld has led to signi cant advancements in HIFU research.

One of the most promising developments in this area is the advent of physics-informed
neural networks (PINNs). PINNs are designed to integrate the fundamental laws of physics
directly into the training process of neural networks, ensuring that the solutions they
generate adhere to the underlying physical principles governing the problems [137]. This
approach not only enhances the accuracy of simulations but also provides a powerful tool
for modeling realistic clinical procedures. By incorporating the physics of HIFU into neural
network models, researchers can simulate detailed ablation processes with a high degree of
precision.

The application of PINNs in HIFU research o ers several advantages. First, it allows
for the creation of highly accurate 3D models that can capture the complex interactions
between ultrasound waves and biological tissues. These models can simulate the e ects of
HIFU on breast tissue with unprecedented detail, providing insights that are critical for
optimizing treatment protocols. Second, PINNs can handle the variability and complexity
of patient-speci ¢ anatomical features, leading to more personalized and e ective treatment
plans.

Furthermore, the integration of machine learning techniques in HIFU research addresses
the limitations associated with data acquisition and computational resources. Deep learn-
ing models can process vast amounts of medical data, identifying patterns and correlations
that can inform the development of more e ective and targeted therapies. This capability
is particularly valuable in the context of HIFU, where precise targeting and control are
essential for successful treatment outcomes.

In conclusion, the use of machine learning and deep neural networks, particularly
through the implementation of PINNs, represents a signi cant advancement in the eld of
HIFU research. These techniques o er a comprehensive approach to modeling and simu-
lating the complex phenomena associated with HIFU treatment, paving the way for more
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accurate, e cient, and personalized cancer therapies. As the eld continues to evolve, the
integration of these advanced computational methods will undoubtedly enhance our under-
standing and application of HIFU, ultimately improving patient outcomes and expanding
the horizons of non-invasive cancer treatment.

PINNs have revolutionized the approach to solving nonlinear partial di erential equa-
tions (PDESs) by leveraging deep learning to approximate solutions while adhering to phys-
ical laws, thereby signi cantly reducing computational demands compared to traditional
methods like the nite di erence method (FDM) and nite element method (FEM) [33,

, , , 97, , 6, , 3, 7]. The innovative integration of PINNs in computational
science has opened new avenues for e ciently solving complex problems that involve highly
nonlinear dynamics and intricate geometries.

This study harnesses the power of PINNs to utilize a 3D model based on an anatom-
ically realistic breast phantom (ARBP) generated from T1-weighted MRIs, ensuring that
the intricate anatomical details of the breast are accurately re ected in the simulations.
The use of ARBPs signi cantly enhances the precision and clinical relevance of HIFU
simulations, allowing for more reliable predictions of treatment outcomes.

The adoption of anatomically realistic models is a critical step forward in simulating
HIFU treatments. These models can capture the complex interactions between ultrasound
waves and heterogeneous tissue structures, which are often oversimpli ed in traditional
models. By accurately representing the breast's anatomy, including variations in tissue
density and composition, the simulations can provide deeper insights into the thermal and
mechanical e ects of HIFU on cancerous tissues.

Furthermore, this research explores realistic HIFU ablation processes by simulating
multiple lesion points within the breast tissue. The ability to model and assess the cu-
mulative e ects of these lesion points on necrotic tissue is crucial for understanding the
comprehensive impact of HIFU treatments. This approach not only demonstrates the
deep-learning platform's capability to mirror actual clinical treatments but also provides
a valuable tool for optimizing HIFU protocols.

By leveraging PINNSs, the study showcases how deep learning can be e ectively applied
to simulate the nonlinear and multiphysics phenomena inherent in HIFU therapy. This
method o ers a more e cient and accurate alternative to traditional numerical techniques,
reducing computational time and resources while maintaining high delity to the physical
principles governing tissue response to ultrasound waves.

The ndings underscore the potential of PINNs to transform medical imaging and
therapy planning by providing clinicians with advanced tools for predicting treatment
outcomes with greater accuracy. The integration of machine learning with traditional
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physics-based modeling represents a paradigm shift in how complex biomedical problems
are approached, paving the way for more personalized and e ective treatment strategies.

In conclusion, the utilization of PINNs in this study exempli es the cutting-edge ad-
vancements in computational modeling for HIFU treatments. By combining ARBP with
deep learning techniques, this research not only enhances the accuracy and e ciency of
simulations but also bridges the gap between theoretical models and clinical applications.
This innovative approach holds great promise for improving the e cacy and safety of HIFU
therapies, ultimately leading to better patient outcomes and expanding the possibilities for
non-invasive cancer treatments.

This study presents a comprehensive method for predicting the outcomes of HIFU ther-
apy using an ARBP. Our approach involves a multi-stage simulation process meticulously
designed to ensure accuracy and clinical relevance. The process begins with generating
an acoustic wave, simulating the propagation of ultrasound through heterogeneous breast
tissue. This step is crucial for capturing the interaction between the acoustic wave and the
di erent tissue types present in the breast.

Following the generation of the acoustic wave, we compute the acoustic intensity distri-
bution within the tissue. This step involves calculating how the ultrasound energy disperses
throughout the breast, focusing particularly on the tumor area. Accurate computation of
acoustic intensity is vital for determining how e ectively the ultrasound targets the tumor.

Next, the absorbed acoustic energy is incorporated into a bioheat transfer model to es-
timate the generated heat and resulting temperature increase in the tumor area. This stage
of the simulation uses principles of thermodynamics to predict how the absorbed energy
converts into heat and raises the temperature of the targeted tissue. The bioheat transfer
model is essential for understanding the thermal e ects of HIFU, which are responsible for
inducing necrosis in cancer cells.

The culmination of this process allows for determining the percentage of necrotic tissue
within the tumor. By estimating the extent of tissue damage caused by the thermal e ects,
we can predict the therapeutic e cacy of the HIFU treatment. This detailed simulation
provides insights into how di erent parameters and settings of the HIFU device can be
optimized for maximum e ectiveness.

2.2 Presurgical Plan

The primary therapeutic e ect of HIFU treatment is tissue heating, which is achieved
through the absorption of acoustic energy and its subsequent conversion to heat. This
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localized heating can induce necrosis by causing almost instant protein coagulation, which
irreversibly damages key cytosolic and mitochondrial enzymes critical for cell survival and
function [121]. The mechanism relies on the precise focusing of the HIFU beam at a speci ¢
target within the tissue, thereby elevating the temperature to cytotoxic levels only within

a con ned volume. This precision ensures that thermal damage is localized, minimizing
collateral damage to surrounding healthy tissues. Typically, the a ected area is relatively
small, with a diameter of approximately 1-2 mm and a length of about 10 mm, allowing
for precise ablation of the targeted tissue [100].

Despite its precision, the small focal region of HIFU necessitates a comprehensive scan-
ning pathway to ensure the entire tumor is treated. Without adequate coverage, there is an
increased risk of incomplete ablation, which can lead to metastasis post-therapy. This chal-
lenge has been highlighted in recent studies, emphasizing the need for meticulous planning
and execution of the HIFU treatment to cover the entire tumor mass e ectively [172, 10, 82].
Moreover, the studies underscore the importance of monitoring and adjusting the treat-
ment parameters in real-time to adapt to the dynamic biological environment and ensure
thorough and uniform thermal exposure throughout the tumor.

Furthermore, the precision of HIFU treatment not only minimizes damage to adjacent
healthy tissues but also allows for repeated treatments if necessary. This capability is
particularly bene cial for managing recurrent tumors or for incremental ablation, where
the entire tumor is not targeted in a single session. By carefully controlling the energy
delivery and the scanning pattern, clinicians can maximize the therapeutic e ects while
minimizing the risk of adverse outcomes.

In summary, while HIFU o ers a highly targeted approach to tumor ablation through
localized heating and protein coagulation, its e ectiveness is contingent upon precise tar-
geting and comprehensive coverage of the tumor. Ongoing advancements in imaging and
treatment planning are essential to overcome the challenges associated with its focal nature
and to mitigate the risks of metastasis associated with incomplete treatment [172, 10, 82].
These developments are crucial for enhancing the e cacy and safety of HIFU as a mini-
mally invasive treatment modality for various types of tumors.

HIFU remains a treatment modality in development, despite its distinctiveness and
the promising initial clinical ndings reported in several studies [184, 10, ]. While
HIFU's non-invasive nature and precision in targeting speci c tissue areas o er signi cant
advantages over traditional surgical methods, several technical issues currently hinder its
widespread adoption among patients and clinicians.

One major challenge is the treatment of large tumors, particularly those embedded
within or adjacent to critical normal tissues. The treatment of such tumors often necessi-
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tates extremely long treatment times. This is because numerous heating pulses must be
meticulously placed and applied to cover the entire tumor volume, ensuring that all ma-
lignant cells are subjected to cytotoxic temperatures. This meticulous process is essential
to prevent the survival of residual cancer cells, which could lead to recurrence. However,
the lengthy duration required for these procedures can be a signi cant drawback, limiting
the practicality and patient throughput in clinical settings [44, , 17].

Furthermore, the inherent small focal region of HIFU adds another layer of complexity.
The focal spot of HIFU is typically very small, often with a diameter of just a few millime-
ters. This necessitates precise alignment and multiple adjustments during the treatment
to ensure the entire tumor is covered. The proximity of troublesome cancer cells to normal
tissue, often less than 50 micrometers, increases the risk that some malignant cells may
escape the treatment. This small margin for error requires highly accurate imaging and
targeting systems to ensure that the HIFU energy is delivered precisely where it is needed,
without a ecting the surrounding healthy tissues [30].

Additionally, the heterogeneity of tumor tissue and the varying acoustic properties
within a tumor can a ect the distribution of HIFU energy, leading to uneven heating and
potential areas of under-treatment. This variability necessitates real-time monitoring and
adjustments during the procedure, further complicating the treatment process. Advanced
imaging techniques, such as MRI-guided HIFU, have been developed to address these
challenges, providing real-time feedback and enabling more accurate targeting. However,
these technologies are expensive and require specialized equipment and expertise, which
may not be readily available in all clinical settings.

Moreover, patient movement during treatment, whether due to breathing or involuntary
motions, can disrupt the precise targeting required for e ective HIFU therapy. Strategies
to mitigate this include motion compensation algorithms and immobilization techniques,
but these add to the complexity and duration of the treatment.

In summary, while HIFU presents a promising, non-invasive treatment option with
distinct advantages, several technical and practical challenges must be addressed to enable
its broader adoption. The need for prolonged treatment times, precise targeting of small
focal regions, and the management of tumor heterogeneity and patient movement are
signi cant hurdles. Ongoing research and technological advancements aim to overcome
these challenges, paving the way for HIFU to become a more widely used therapy in the
future [44, , 17].

Recent advances in numerical methods and information technology have signi cantly
enhanced the capability to create detailed models that accurately describe the underlying
physical behavior of focused ultrasonic waves and temperature distribution in heteroge-
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neous tissue. These sophisticated models, which integrate complex algorithms and high-
performance computing, provide a more precise understanding of how ultrasonic energy
interacts with various tissue types, leading to improved predictability and control in HIFU
treatments [153].

As a result, these advanced tools can be utilized for a wide range of clinical purposes.
One crucial application is in patient selection. By accurately modeling the anatomical
structures and properties of tissues, clinicians can determine whether a patient is a suitable
candidate for HIFU surgery. This involves assessing the patient's anatomy to ensure that
the ultrasonic waves can be e ectively focused on the target tissue without causing undue
harm to surrounding healthy tissues. This capability enhances the safety and e cacy of the
treatment, ensuring that only those patients who are likely to bene t from the procedure
are selected.

Another important application is treatment veri cation. Detailed numerical models
can be used to analyze the cause of adverse events or treatment failures by providing
insights into the exact interaction between the ultrasonic waves and the tissue. This post-
treatment analysis can identify potential issues such as incomplete ablation or unexpected
tissue responses, allowing for adjustments in future treatments to mitigate similar risks.

Moreover, the optimization of the scanning pathway, which involves determining the
optimal transducer location and sonication parameters, is essential for delivering ultrasonic
energy precisely to the intended target volume. The ability to model and simulate di erent
scanning pathways helps in reducing treatment time signi cantly. By carefully planning the
transducer movements and energy delivery parameters, clinicians can ensure that the entire
tumor volume is covered e ciently, minimizing the risk of leaving untreated cancerous cells
that could lead to metastasis.

The precision o ered by these advanced models also aids in tailoring treatment plans
to individual patients. Factors such as the size, shape, and location of the tumor, as well
as the surrounding anatomical structures, can be accounted for in the treatment planning
process. This personalized approach ensures that the ultrasonic energy is delivered in the
most e ective manner, enhancing treatment outcomes and reducing the likelihood of side
e ects.

Furthermore, the integration of real-time imaging with these numerical models allows
for dynamic adjustments during the procedure. Real-time feedback ensures that the treat-
ment remains on course, and any deviations can be corrected immediately, thus maintaining
the accuracy and e ectiveness of the HIFU therapy.

In summary, the advancements in numerical methods and information technology have
revolutionized the application of HIFU by providing detailed, accurate models of ultrasonic
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wave behavior and temperature distribution in heterogeneous tissues. These models not
only facilitate better patient selection and treatment veri cation but also optimize the
scanning pathways, thereby reducing treatment times and improving overall treatment
e cacy. Such technological advancements are crucial for the ongoing development and
wider adoption of HIFU as a reliable and e ective treatment modality [153].

There are two primary methods to deliver energy to the target region in HIFU treat-
ment: sequential discrete mode and continuous scanning mode [47, ]. In the sequential
discrete mode, localized treatments are administered sequentially by moving the HIFU
transducer in a stepwise manner. Each discrete step targets a speci ¢ area before moving
to the next, allowing for precise control over the treatment region. However, this method
can lead to thermal di usion and heat accumulation from the adjacent treated areas. As
a result, the size of the lesion may gradually increase during the sequential discrete HIFU
therapy, potentially causing insu cient treatment of the initial spots and overtreatment
of the later ones. This can lead to uneven thermal doses and variability in treatment
e cacy [29, , ].

In continuous scanning mode, the HIFU transducer moves at a constant speed along a
pre-designed trajectory, delivering energy continuously to the target region. This method
helps maintain a more uniform temperature distribution and reduces the risk of thermal
damage to surrounding tissues. However, the continuous movement requires precise plan-
ning and control to ensure that the entire tumor volume is adequately treated without
gaps.

To address the challenges of heat accumulation and di usion, researchers have inves-
tigated various navigation algorithms and heating protocols. For instance, Giannakou
et al. [48] evaluated six alternative navigation algorithms to determine the amount of
transducer-generated heating in the pre-focal area. Their ndings highlighted the impor-
tance of optimizing the transducer's movement and heating patterns to minimize pre-focal
heating and ensure consistent lesion formation. Additionally, Fennessy and Tempany [44]
recommend a regimen of 20-40 seconds of heating followed by 80-90 seconds of cooling.
According to their protocol, delivering the appropriate dosage with 30 seconds of heating
followed by 60 seconds of cooling would take approximately 2.5 hours. This highlights
the signi cant time investment required for thorough treatment using sequential discrete
mode.

Clinical practitioners can shorten treatment times by employing phased array technol-
ogy, which allows for the formation of multiple focus patterns and precise control over the
treatment parameters. By adjusting the electrical power delivered to the transducer, the se-
quence of focal zones, the length of heating pulses, and the cooling intervals between pulses,
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clinicians can optimize the treatment process [142]. Historically, researchers have modi ed
xed treatment paths by altering one of these variables due to the computational complex-

ity involved in simultaneously optimizing multiple parameters [44, 64, , , , 12].
For example, variations in applied power magnitude [170], ultrasound frequency [170], or
inter-sonication delay periods [105] have been explored to enhance treatment e cacy.

Most researchers utilize de ned heating pulses and inter-pulse cooling times to prevent
scorching of normal tissue and ensure safety. These regimens often involve cautious heat-
ing and cooling intervals, which, while e ective and safe, result in prolonged treatment
times [44, 64, , ]. The challenge lies in balancing the need for thorough tumor ab-
lation with the practical constraints of treatment duration. Continuous e orts are being
made to re ne these protocols and develop more e cient treatment strategies that maintain
the delicate balance between e cacy and safety.

In summary, both sequential discrete mode and continuous scanning mode have their
respective advantages and challenges. Optimizing these energy delivery methods through
advanced algorithms, phased array technology, and precise control of treatment parame-
ters is essential for improving the e ectiveness and e ciency of HIFU treatments. Ongo-
ing research and technological advancements continue to enhance our understanding and
capability in this eld, paving the way for more e ective and time-e cient HIFU thera-

pies [47, 173, 29, 186, 185, 48, 44, 142, 64, 170, 105, 104, 12].

Payne et al. [127] presented the ndings of a novel optimization approach that aims
to reduce HIFU treatment periods by minimizing individual heating and interpulse cool-
ing times while adhering to normal tissue constraint limits at each sonication site. Their
method involves a meticulous balance between delivering su cient energy to ablate the
tumor tissue and allowing adequate cooling to prevent thermal damage to surrounding
healthy tissues. By optimizing these parameters, they demonstrated a signi cant reduc-
tion in overall treatment time, making the procedure more e cient and potentially more
comfortable for patients.

Building on these principles, Fan and Hynynen [43] explored the feasibility of nonin-
vasive tumor surgery using focused transducers or phased arrays to deliver several sonica-
tions. Their work illustrated the potential of these advanced technologies to concentrate
ultrasonic energy precisely on the tumor, reducing the need for invasive procedures. This
approach leverages the precision of phased arrays to control the focus and intensity of the
ultrasound waves, allowing for targeted ablation of tumor tissues while sparing surrounding
healthy structures.

Liu et al. [93] conducted a numerical investigation into two heuristic scanning routes:
the shortest distance and the greatest distance between sequential small rapid scanning
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volumes. Their study aimed to determine the most e cient scanning pathway to achieve
comprehensive tumor ablation within the shortest possible time. They found that the
choice of scanning route could result in cumulative heating time di erences of several
minutes, even when cooling times were xed at one minute between sonications. This
highlights the importance of optimizing the scanning pathway to enhance the e ciency of
HIFU treatments.

A volumetric sonication approach, as suggested by Kohler et al. [84], involves guiding
the focus point along a preset trajectory consisting of numerous concentric outward-moving
circles. This method aims to create uniform volume ablations, ensuring that the entire tu-
mor mass is e ectively treated. The volumetric approach was further extended by Enholm
et al. [41], who built upon the group's previous work with nested spirals [118, ]. This
innovative technique involves systematically moving the focal point in a spiral pattern to
achieve comprehensive ablation of the tumor volume. The use of concentric circles and
nested spirals helps in distributing the energy evenly across the target area, minimizing
the risk of residual cancer cells and improving treatment outcomes.

These advancements in optimization techniques for HIFU treatments underscore the
importance of precise control over sonication parameters and scanning pathways. By min-
imizing treatment times and ensuring thorough ablation of tumor tissues, these methods
contribute to the development of more e ective and e cient HIFU therapies. The inte-
gration of numerical modeling, heuristic algorithms, and advanced sonication techniques
represents a signi cant step forward in the eld, paving the way for improved patient
outcomes and broader clinical adoption of HIFU technology.

In conclusion, the continuous evolution of optimization approaches in HIFU treatment,
from minimizing individual heating and cooling times to optimizing scanning pathways
and developing volumetric sonication techniques, re ects the dynamic nature of this eld.
Researchers are increasingly able to achieve precise and e cient tumor ablation, reducing
treatment times and enhancing the safety and e cacy of HIFU therapy. The collective
e orts of Payne et al., Fan and Hynynen, Liu et al., Kohler et al., and Enholm et al.
demonstrate the potential of these innovative methods to transform HIFU into a widely
accepted and e ective treatment modality for various types of tumors [127, 43, 93, 84, 41,

, 117].

Based on the minimal time formulation from optimal control theory [99], a scanning
path optimization algorithm was designed to treat the tumor volume as quickly as possible
while maintaining the temperature in the healthy tissue below the safe threshold of 42
This approach leverages advanced mathematical techniques to identify the most e cient
scanning path, reducing overall treatment time and minimizing the risk of thermal damage

17



to adjacent healthy tissues. In theoretical simulations, this method requires a signi cant
number of phased array elements (530) and focal points within the target area (300 for a
sphere with a radius of 1.9 cm). However, such high requirements are currently beyond the
capabilities of most commercially available HIFU systems, indicating a need for further
technological advancements to make this approach more widely accessible.

Luo et al. [98] proposed an optimal sequential discrete mode that alternates between
long and short exposure durations at treatment locations. This method aims to reduce the
cumulative thermal impact on nearby treated spots, thereby generating uniformly sized
lesions and improving overall treatment e ciency. By carefully managing the exposure
durations, this approach mitigates the risk of overtreatment and enhances the precision of
tumor ablation.

In experiments with gel phantoms andex vivo bovine liver samples, Zhou et al. [187]
compared two innovative scanning pathways|spiral scanning from the center to the outside
and spiral scanning from the outside to the center|with traditional raster scanning. Their
ndings indicated that spiral scanning methods could provide more uniform heating and
better lesion formation compared to raster scanning, potentially leading to more e ective
and e cient HIFU treatments.

Coon et al. [26] explored the concept that adjusting the course of a HIFU therapy's
N focus zone heating pulse can signi cantly shorten treatment duration. Their research
demonstrated that by optimizing the sequence and timing of heating pulses, it is possible
to achieve faster and more uniform tumor ablation.

A comprehensive study by Qian et al. [131] investigated the lesion development gener-
ated by HIFU operating in continuous scanning mode along a spiral channel. Both theo-
retical and experimental analyses revealed that continuous spiral scanning could produce
consistent and uniform lesions, enhancing the e ectiveness of HIFU therapy.

Other optimization methods have been explored to enhance the impact of sequential
discrete mode treatments. For instance, combining HIFU with induced biological e ects in
tissue has shown promise in boosting treatment e cacy. Studies b§udowa et al. [27] and
Liu et al. [92] highlight the potential bene ts of integrating biological response modulation
with precise ultrasound delivery to improve treatment outcomes.

Despite these advancements, more investigation is required to concurrently optimize
the scan path, treatment time, and minimize invasion into normal tissue. The integration
of these factors remains a critical challenge in the eld of HIFU therapy. Future research
should focus on developing comprehensive optimization frameworks that address these
multiple objectives, ensuring that HIFU treatments are not only e ective and e cient but
also safe for patients.
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In conclusion, the ongoing development of optimization algorithms for HIFU treatment
is crucial for enhancing its clinical application. By re ning scanning paths, adjusting expo-
sure durations, and integrating biological e ects, researchers are making signi cant strides
towards more e ective and patient-friendly HIFU therapies. However, achieving the ideal
balance between treatment e cacy, e ciency, and safety requires continued innovation and
rigorous investigation [99, 98, , 26, , 87, 27, 92].

An ML-based approach to solving the treatment planning problem is presented in this
study. The aim is to propose a novel scanning path method to compute the best presurgical
plan based on the target volume. This innovative method leverages machine learning
to enhance the precision and e ciency of HIFU treatment planning. Speci cally, the
planned goal volume and organs at risk are used as inputs for the machine learning model.
Using these inputs, the ML approach generates a viable treatment plan that optimizes the
scanning path and treatment parameters.

Central to this approach is the implementation of an iterative arti cial neural network
(ANN), which considers multiple potential solutions and selects the optimal plan based
on prede ned constraints such as the safe temperature threshold for surrounding healthy
tissues and the required ablation depth for the tumor. The ANN's iterative nature al-
lows it to re ne its predictions and improve the treatment plan's accuracy over successive
iterations. This capability is crucial for adapting to the complex and variable nature of
biological tissues, ensuring that the treatment is both e ective and safe.

The methodology is validated through both numerical simulations and experimental
studies. Numerically, the ANN is trained on a comprehensive dataset that includes various
tumor geometries, tissue properties, and clinical constraints. These simulations help in
understanding how the ML model performs under di erent conditions and allow for ne-
tuning of the ANN's parameters. Experimentally, the proposed method is tested using
phantom models andex vivo tissue samples to evaluate its practical applicability. These
experiments provide critical insights into the real-world performance of the ML-based ap-
proach, highlighting its strengths and potential areas for improvement.

As a result of this comprehensive approach, HIFU treatment time can be signi cantly
reduced. The optimized scanning path minimizes the time required to cover the entire
tumor volume, thereby enhancing the e ciency of the procedure. Additionally, the precise
targeting capabilities of the ML model help in minimizing the risk of metastasis by ensuring
that no cancerous cells are left untreated. This is particularly important in preventing the
spread of cancer and improving patient outcomes.

Moreover, the proposed study can avoid possible overheating and necrosis of normal
tissue. By adhering to the prede ned constraints on temperature and exposure duration,
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the ANN ensures that the delivered energy remains within safe limits, protecting healthy
tissues from thermal damage. This aspect of the approach is crucial for maintaining the
safety and comfort of the patient during and after the procedure.

Despite its ease of use, the ML-based approach o ers substantial improvements in HIFU
patient targeting and treatment times. The automated nature of the treatment planning
process reduces the need for manual intervention, allowing clinicians to focus on other
critical aspects of patient care. Furthermore, the reduction in treatment times translates
to increased throughput in clinical settings, enabling more patients to bene t from HIFU
therapy.

In conclusion, the integration of machine learning into HIFU treatment planning rep-
resents a signi cant advancement in the eld. By combining the predictive power of ANNs
with rigorous numerical and experimental validation, this approach enhances the precision,
e ciency, and safety of HIFU treatments. The resulting improvements in clinical outcomes
underscore the potential of ML-based methods to revolutionize cancer treatment, o ering
new hope to patients and healthcare providers alike.

2.3 Segmentation

Breast ultrasound (BUS) imaging provides a safe, a ordable, and high frame rate alterna-
tive to traditional MRI imaging [24, ]. The non-ionizing nature of ultrasound makes it a
safe option, especially for repeated use, while its a ordability and high frame rates enhance
its practicality for widespread screening and real-time imaging. However, the e ectiveness
of BUS imaging is highly dependent on the expertise of experienced radiologists who are
necessary to analyze the images and make accurate diagnoses. This reliance on human
expertise highlights the need for computer-aided diagnosis (CADXx) devices that can aid in
the detection and analysis of breast abnormalities, thereby standardizing and potentially
improving diagnostic accuracy.

CADx devices are not only bene cial for diagnostic purposes but also play a crucial
role in assisting HIFU surgical operations. These devices can analyze ultrasound images
and provide real-time feedback to physicians, which is essential during minimally invasive
procedures like HIFU. One of the most important features of CADx devices is the capa-
bility for online monitoring of surgery. This feature allows for continuous observation and
assessment of the treatment area, enabling physicians to make informed decisions during
surgery.

Online monitoring is particularly valuable because it helps physicians to adapt and
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update treatment plans dynamically based on the real-time conditions observed during
the procedure. This adaptability can lead to more precise targeting of the treatment
area, minimizing damage to surrounding healthy tissues and improving overall surgical
outcomes. By providing real-time data and analysis, CADx devices enhance the physician's
understanding of the surgical process, leading to better decision-making and potentially
higher success rates for HIFU treatments. This integration of advanced imaging technology
with surgical practice represents a signi cant step forward in the eld of medical imaging
and interventional procedures.

Having a low-cost, real-time, and accurate ablation segmentation procedure is a crucial
aspect of online monitoring during HIFU surgeries. E ective segmentation is essential
for ensuring precise targeting and treatment of the a ected tissue, thereby enhancing the
overall e cacy and safety of the procedure. While B-mode imaging is considered a low-cost
and real-time imaging system, it su ers from limitations in resolution and image quality
compared to MRI systems. These limitations can hinder its accuracy and reliability for use
in CADx systems, which demand high precision for e ective monitoring and intervention.

To address these challenges, this project proposes a novel B-mode image segmentation
framework speci cally designed for HIFU ablation monitoring. The framework leverages
advanced image processing techniques to enhance the segmentation accuracy of HIFU
ablated lesions. By re ning the segmentation process, the framework ensures that the low-
cost and real-time advantages of B-mode imaging are retained while signi cantly improving
the accuracy of lesion detection and delineation. This improvement is critical for real-time
surgical guidance, enabling physicians to adjust treatment plans dynamically based on
precise, up-to-date imaging data.

The proposed framework employs sophisticated algorithms to process B-mode images,
extracting relevant features and accurately identifying the boundaries of ablated tissue.
This capability allows for more e ective and precise control over the HIFU treatment,
reducing the risk of damage to surrounding healthy tissues and increasing the likelihood
of successful outcomes. Additionally, by maintaining the cost-e ectiveness and real-time
bene ts of B-mode imaging, the framework o ers a practical solution that can be widely
implemented in clinical settings.

In summary, this project successfully bridges the gap between the low-cost, real-time
advantages of B-mode imaging and the high accuracy required for e ective CADx systems
in HIFU therapy. The innovative segmentation framework enhances the utility of B-mode
imaging, making it a viable option for real-time monitoring and guidance during HIFU
surgeries, thus contributing to improved patient outcomes and broader accessibility to
advanced therapeutic techniques.
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One of the critical stages in HIFU therapy is detecting and separating the thermal
ablated region, i.e., thermal ablated segmentation, from the non-ablated regions. This
step is essential for making the treatment planning more e cient in terms of the number of
sonications and overall e cacy. By accurately identifying the ablated areas, HIFU surgery
becomes less harmful to non-cancerous adjacent cells, thereby reducing potential collateral
damage and increasing the likelihood of successful treatment outcomes. Furthermore,
e ective ablation segmentation can be integrated into HIFU path planning systems, where
the therapy operates based on feedback from a pre-de ned plan, enhancing precision and
control during the procedure.

Deep learning models have emerged as a powerful tool in medical image segmentation
tasks, providing an end-to-end pipeline that covers both feature extraction and classi-
cation simultaneously. These models have garnered signi cant attention due to their
e ectiveness in various segmentation applications [2, ]. Despite recent advancements in
ultrasound imaging segmentation [182, , 74, ], thermal ablation segmentation from
ultrasound imaging, such as B-Mode imaging, remains challenging. The current models
often lack the pixel-level sensitivity required to accurately distinguish all ablated pixels,
frequently misclassifying non-ablated adjacent pixels as ablated. This inaccuracy can lead
to incomplete or ine ective therapy.

To address this limitation, this study proposes a novel deep pixel-wise segmentation
model speci cally designed for ultrasound thermal ablation segmentation. This model is
more sensitive to the subtle di erences between ablated and non-ablated pixels, improving
the accuracy of segmentation. Our approach ensures that the deep learning model can cor-
rectly identify the ablated regions, enhancing the precision of HIFU therapy and reducing
the risk of damaging healthy tissues.

The main contributions of this paper are twofold. First, to the best of our knowl-
edge, this study is the rst to address the problem of breast tumor ablation segmentation
using B-Mode imaging during HIFU therapy. This represents a signi cant advancement
in the application of ultrasound imaging for HIFU treatments. Second, we introduce a
novel pixel-wise segmentation deep neural model that accurately identi es the boundaries
between ablated and non-ablated regions. This model enhances the precision of thermal
ablation segmentation, providing a more reliable tool for real-time monitoring and feed-
back during HIFU procedures, ultimately improving patient outcomes and advancing the
eld of therapeutic ultrasound.

Ultrasound image segmentation has received increasing attention, and a diverse range
of non-deep-learning models has been proposed to address this problem. These models
include deformable models [179], threshold-based techniques [141, 51, 9], clustering-based

22



techniques [115], and several other families of techniques [67, ]. For instance, Liu et
al. [94] employed anisotropic di usion lItering to reduce speckle noise in ultrasound images.
The ltered and enhanced image is then processed using a Normalized Cut (NC) algorithm
to divide it into several small sections. These sections are subsequently merged into larger
regions using region merging techniques. Finally, potential lesions are extracted through
morphological operations.

Quan et al. [132] suggested an alternative approach by using region-based NC instead of
pixel-based NC. Their method involves iterative clustering to break the Itered image into
a series of over-segmented regions, which are treated as nodes rather than individual pixels.
This enhances the contrast between the region of interest (ROI) and the background. In
the nal stage, NC is applied to merge the over-segmented regions and accurately segment
the ROL.

Zhou et al. [188] demonstrated the use of Gaussian ltering and histogram equalization
to smooth and enhance the contrast of breast ultrasound (BUS) images. They then applied
a pyramid mean shift Iter to increase image homogeneity. The nal segmentation stage
involves the use of NC and morphological techniques to achieve precise segmentation.

Zhang et al. [180] conducted a comparative study on various preprocessing nonlinear
techniques, highlighting their e ectiveness in improving segmentation outcomes. These
methods have shown promise for high-precision, autonomous breast lesion identi cation
and for optimizing HIFU focus distribution strategies, thereby enhancing the overall e ec-
tiveness of ultrasound imaging in medical diagnostics and treatment planning.

Intra-operative image-guided treatment has been the focus of numerous image-assisted
surgical investigations, demonstrating its potential to enhance the precision and e cacy of
surgical procedures [116, 42]. Liao et al. proposed an innovative integrated diagnostic and
therapy system designed for precision neurosurgery. This system utilizes intra-operative
5-aminolevulinic acid-induced uorescence to guide robotic laser ablation, providing real-
time feedback and improving surgical accuracy [91].

Several studies have explored the integration of various preoperative and intra-operative
medical imaging techniques, including MRI, computed tomography (CT), and X-ray imag-
ing, to support and enhance image-assisted surgical procedures [37, 68]. These integrated
approaches aim to leverage the strengths of each imaging modality to provide comprehen-
sive and accurate visual information during surgery.

While these studies discuss the utilization of di erent imaging modalities and the in-
tegration of images, they often maintain a clear distinction between diagnostic and treat-
ment processes. This separation highlights the need for further research and development
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to create seamless systems that combine diagnostic imaging with real-time therapeutic
interventions, ultimately improving patient outcomes and surgical precision.

The family of deep neural networks has recently achieved signi cant progress in medical
imaging tasks. When su cient training data is available, these models often deliver results
that are markedly superior to those produced by non-deep learning models. For instance,
RDAU-NET [189] introduces a Unet-based architecture speci cally designed for breast
tumor segmentation. This model incorporates residual connections to facilitate the learning
process and attention gate modules to produce sharp edges and increase the receptive eld,
enhancing the accuracy of segmentation.

Similarly, Xu et al. proposed an improved Unet model augmented with residual con-
nections [161]. Their approach also integrates four popular loss functions, resulting in a
more e ective learning procedure. This combination of residual connections and multi-
ple loss functions helps the model to converge more e ciently and improves segmentation
performance.

In addition to these models, several other recent advancements in breast lesion segmen-
tation have been made. SMU-Net [122], GC-Net [175], and the work described in [120]
represent state-of-the-art approaches in this domain. These models impose various priors,
such as edge, position, and shape information, on the extracted high-level features from
the convolutional layers. By integrating these priors, the models enhance the accuracy and
reliability of the segmentation results.

These advancements demonstrate the potential of deep neural networks in medical
imaging, particularly in tasks requiring precise and accurate segmentation, such as breast
tumor detection. The use of advanced architectures and the integration of multiple loss
functions and priors are key factors contributing to the superior performance of these
models.

When comparing the reported results of non-deep learning models with those of deep
learning models, it becomes clear that deep learning models o er superior performance in
terms of both accuracy and generalization. Deep learning models, due to their complex
architectures and large-scale data processing capabilities, consistently achieve higher levels
of accuracy in various medical imaging tasks compared to traditional non-deep learning
approaches. They excel in feature extraction and pattern recognition, leading to more
precise and reliable outcomes across a range of imaging applications [60, 90].

Despite these advancements, current deep neural network models still face signi cant
challenges, particularly in the context of HIFU therapy. Speci cally, these models struggle
with accurately distinguishing between coagulated tumor tissue and normal tissue in ultra-
sound B-Mode images. This limitation presents a serious obstacle in pre-surgical planning
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and reduces the e ectiveness of online monitoring during HIFU therapeutic procedures.
Accurate di erentiation between coagulated and normal tissue is crucial for assessing treat-
ment progress and making real-time adjustments to the therapy [56, 85].

The following section of this thesis addresses this critical limitation by proposing a
novel method designed to improve the sensitivity of deep learning models in distinguish-
ing between coagulated tumor parts and healthy tissue. This method involves a detailed,
step-by-step procedure for tracking HIFU lesions, aimed at enhancing the precision of tu-
mor monitoring and optimizing therapeutic outcomes. The proposed approach integrates
advanced techniques to re ne image analysis processes, thereby overcoming current short-
comings and advancing the capabilities of HIFU therapeutic systems [162],

By tackling these challenges, the proposed method seeks to bridge the gap between
existing deep learning models and the speci ¢ demands of HIFU therapy, o ering potential
solutions for more e ective pre-surgical planning and real-time therapeutic adjustments.
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Chapter 3

Physics-Informed Neural Network
(PINN) Solution for HIFU

This chapter provides a concise overview of the HIFU ablation process, which is a min-
imally invasive therapeutic technique used to precisely target and destroy pathological
tissue through focused ultrasound energy. It begins by outlining the basic principles of
HIFU ablation, including the generation and focusing of high-frequency sound waves, the
mechanism of thermal and mechanical e ects on tissues, and the criteria for e ective ab-
lation [89].

Following this introduction, the chapter proceeds to elaborate on the governing equa-
tions and mathematical models involved in the HIFU ablation process. This includes the
bioheat transfer equation, which describes the distribution of heat within the tissue, and
the acoustic wave equation, which models the propagation of ultrasound waves through
di erent tissue types. These equations are critical for predicting the temperature rise and
thermal dose delivered to the target area, ensuring precise control over the ablation process.

The following sections o er vital details concerning the deep-learning modeling pro-
cedure at various stages. Initially, data preprocessing techniques are discussed, including
the acquisition and augmentation of medical imaging data to train the deep-learning mod-
els. Subsequently, the architecture of the deep neural networks used for HIFU ablation
modeling is described, highlighting the use of convolutional layers for feature extraction,
recurrent layers for temporal data analysis, and attention mechanisms for enhancing model
accuracy.

Additionally, the sections cover the training and validation process, explaining the se-
lection of loss functions, optimization algorithms, and evaluation metrics to ensure robust
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model performance. Techniques for model interpretability and explainability are also ad-
dressed, providing insights into how the deep-learning models make predictions and identify
critical features in the medical images.

Finally, the section discusses the integration of the deep-learning models with real-
time HIFU ablation systems, including the challenges of real-time data processing, system
latency, and ensuring safety and e cacy during clinical procedures. The potential for
future advancements and applications of deep-learning models in HIFU ablation and other
therapeutic modalities is also explored, highlighting ongoing research and development
e orts in this innovative eld.

3.1 HIFU Ablation Mechanism

HIFU ablation refers to a non-invasive medical procedure in which an ultrasound trans-
ducer generates focused ultrasonic beams that penetrate soft tissue to speci cally target
and destroy tumors [160]. This advanced technique involves the precise focusing of ul-
trasound beams, which allows for high intensities to be concentrated within a small and
compact volume, typically around 1 mm in diameter and 10 mm in length. The focused
energy results in sound intensities in the focal region that range from approximately 100
to 10,000 W/cn?, with peak compression pressures reaching up to 70 MPa and peak rar-
efaction pressures reaching up to 20 MPa.

The HIFU ablation technique leverages two primary mechanisms to achieve its ther-
apeutic e ects: thermal and mechanical. The thermal e ect occurs as the focused ultra-
sound waves cause rapid heating in the target tissue, raising the temperature to levels that
induce coagulative necrosis, e ectively destroying the tumor cells. This localized heating
ensures that the surrounding healthy tissues remain largely una ected, thereby minimizing
collateral damage and preserving normal tissue function.

In addition to thermal e ects, mechanical e ects also play a crucial role in HIFU ab-
lation. These include acoustic cavitation and radiation force, which contribute to the me-
chanical disruption of tumor cells. Acoustic cavitation involves the formation, growth, and
collapse of microbubbles within the tissue, generating high shear forces that can mechan-
ically damage cellular structures. The radiation force, on the other hand, exerts pressure
on the tissue, further aiding in the mechanical disintegration of the tumor [184].

The combination of these thermal and mechanical e ects makes HIFU ablation a pow-
erful and precise method for non-invasive tumor treatment. The ability to focus ultrasound
beams with such high intensity and precision allows for targeted tumor destruction while
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sparing adjacent healthy tissues, o0 ering a promising alternative to conventional surgical
procedures. Ongoing research and technological advancements continue to enhance the
e cacy and safety of HIFU ablation, expanding its applications in clinical oncology and
other medical elds.

The thermal e ect of HIFU involves the generation of heat due to the absorption of
acoustic energy by the targeted tissue. As the focused ultrasound beams converge on
a specic area, the energy is transformed into heat, leading to a rapid increase in the
local tissue temperature. This localized heating is highly controlled, allowing for precise
targeting of tumor cells while sparing surrounding healthy tissues.

When the temperature in the focal region is raised above 6C for a duration of at
least 1 second, it typically results in the rapid and irreversible death of cells through
a process known as coagulation necrosis. This elevated temperature denatures cellular
proteins and causes the disruption of cell membranes, leading to cell death. The a ected
tissue subsequently undergoes a series of biological responses, including in ammation and
brosis, ultimately resulting in the resorption or stabilization of the treated area.

The e ciency and e ectiveness of the thermal ablation process depend on several fac-
tors, including the intensity of the ultrasound beam, the duration of exposure, and the
acoustic properties of the tissue. The focused nature of HIFU ensures that the high tem-
peratures are con ned to the target area, minimizing damage to adjacent tissues and
reducing the risk of complications.

In clinical practice, HIFU treatment is typically monitored in real-time using imag-
ing modalities such as ultrasound or MRI. These imaging techniques allow clinicians to
visualize the target tissue and adjust the treatment parameters as needed to ensure opti-
mal heating and ablation of the tumor cells. The ability to precisely control the thermal
dose delivered to the tissue is a signi cant advantage of HIFU over other thermal ablation
techniques, such as radiofrequency or microwave ablation.

The application of HIFU in oncology has shown promising results for the treatment
of various types of tumors, including those in the liver, prostate, kidney, and pancreas.
The non-invasive nature of HIFU, combined with its ability to selectively destroy tumor
cells, makes it an attractive option for patients who may not be candidates for traditional
surgical interventions. Moreover, ongoing advancements in HIFU technology and treatment
protocols continue to enhance its e cacy and expand its clinical applications [184].

In summary, the thermal e ect of HIFU plays a crucial role in the ablation of tumor cells
through the controlled generation of heat, leading to coagulation necrosis. This precise and
targeted approach o ers a powerful tool for the non-invasive treatment of various cancers,
providing an e ective alternative to conventional surgical methods.
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The mechanical e ects induced by HIFU, including cavitation, micro-streaming, and
radiation force, play a signi cant role in the therapeutic application of this technology.
These e ects occur when high-intensity acoustic pulses interact with the targeted tissue,
leading to various mechanical disruptions that can contribute to the ablation process.

Cavitation involves the formation, growth, and collapse of microbubbles within the tis-
sue. When these bubbles collapse, they generate intense local shear forces and shock waves
that can mechanically disrupt cell membranes and other cellular structures, leading to cell
death. Cavitation can enhance the overall e ectiveness of HIFU by creating additional
pathways for tissue damage beyond thermal e ects.

Micro-streaming refers to the rapid, small-scale uid movements induced by the os-
cillation of microbubbles in an acoustic eld. These micro-streaming currents can exert
mechanical stress on cellular components, contributing to the breakdown of tumor cells.
This phenomenon can increase the permeability of cell membranes, making cells more
susceptible to damage from other mechanisms.

Radiation force is the unidirectional force exerted by the ultrasound wave as it prop-
agates through the tissue. This force can induce mechanical stress and deformation in
the targeted area, leading to further disruption of cellular structures. Radiation force can
also enhance the penetration of therapeutic agents into the tumor tissue when used in
combination with other treatments.

Despite the potential bene ts of these mechanical e ects, the thermal process remains
the preferred method for tissue ablation in HIFU treatments due to its better understanding
and controllability. The thermal e ect, which involves the absorption of acoustic energy
and subsequent heating of the tissue, allows for precise targeting and destruction of tumor
cells through coagulation necrosis. This controlled heating can be accurately monitored
and adjusted in real-time, providing a reliable and predictable outcome.

The mechanical e ects, while powerful, can be more di cult to control and predict
compared to thermal e ects. Cavitation, for example, can be highly variable and dependent
on the speci ¢ acoustic environment and tissue properties. Uncontrolled cavitation can
potentially lead to unintended damage to surrounding healthy tissues, posing a risk to
patient safety.

Therefore, in clinical practice, the thermal ablation approach is generally favored for its
precision and predictability. However, researchers continue to explore ways to harness and
control the mechanical e ects of HIFU to enhance its therapeutic e cacy. Advances in
imaging and monitoring technologies, as well as a deeper understanding of the underlying
mechanisms, may lead to more e ective and safe use of mechanical e ects in the future [184].

29



In summary, while the mechanical e ects of HIFU, such as cavitation, micro-streaming,
and radiation force, contribute to the ablation process, the thermal method remains the
preferred approach due to its greater control and predictability. Future advancements in
HIFU technology may enable better utilization of mechanical e ects to improve therapeutic
outcomes.

HIFU is rapidly gaining recognition in the medical eld as a highly e ective non-invasive
ablation technique across a variety of clinical applications. This method utilizes focused
ultrasound waves to precisely target and destroy pathological tissues, making it a valuable
tool in the treatment of tumors and other medical conditions without the need for incisions
or invasive procedures.

One of the major advantages of HIFU is its ability to complete treatments in a single
session. During a typical HIFU procedure, the patient can be fully conscious, lightly
sedated, or under mild general anesthesia, depending on the speci c clinical requirements
and the location of the treatment area. This exibility in anesthesia options contributes to
the overall patient comfort and minimizes the risks associated with more extensive surgical
procedures [159].

HIFU has been successfully applied in the treatment of various types of tumors, in-
cluding those in the liver, prostate, kidney, and pancreas. Its precision and non-invasive
nature make it particularly suitable for patients who may not be ideal candidates for tradi-
tional surgery due to age, comorbidities, or other risk factors. Additionally, HIFU is being
explored for its potential in treating non-tumorous conditions such as uterine broids,
essential tremors, and even certain neurological disorders.

The schematic depiction of the HIFU ablation process for a breast tumor, as illustrated
in Fig. 3.1, provides a clear understanding of how the technology works. In this schematic,
the focused ultrasound waves are directed towards the tumor through the patient's skin,
converging at the targeted tissue to induce localized heating and mechanical disruption.
The surrounding healthy tissues remain largely una ected due to the precision of the
focused energy, which minimizes collateral damage and enhances the safety pro le of the
treatment.

Moreover, the real-time imaging capabilities integrated with HIFU systems, such as
MRI or ultrasound guidance, play a crucial role in the success of the procedure. These
imaging modalities allow clinicians to accurately visualize the target area, monitor the
ablation process, and make necessary adjustments to ensure complete and e ective treat-
ment. This real-time feedback is essential for optimizing treatment outcomes and reducing
the likelihood of incomplete ablation or damage to adjacent structures.
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Figure 3.1: A schematic of the HIFU ablation process for the treatment of a breast tumor.
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As the technology continues to advance, ongoing research and clinical trials are expand-
ing the applications of HIFU and improving its e cacy. New developments in transducer
design, imaging techniques, and treatment protocols are enhancing the precision and versa-
tility of HIFU, making it an increasingly attractive option for both patients and healthcare
providers.

In conclusion, HIFU represents a signi cant advancement in non-invasive medical treat-
ments, o ering a safe, e ective, and patient-friendly alternative to traditional surgical
methods. Its ability to deliver precise, targeted therapy with minimal recovery time is
driving its adoption across a wide range of clinical applications, solidifying its role as a
cutting-edge tool in modern medicine [159].

3.2 Governing Equations

In this section, we delve into the essential equations and procedural steps necessary to
comprehensively simulate the process of HIFU ablation. This simulation involves a multi-

physics approach that integrates acoustic wave propagation, heat generation and transfer,
and biological tissue response to provide a detailed understanding of the ablation process.

3.2.1 Acoustic Wave Generation and Propagation

To accurately represent the xed acoustic eld within our HIFU modeling approach, we
address the inhomogeneous Helmholtz equation. This equation is pivotal for describing
the propagation of acoustic waves in a medium with varying properties, which is essential
for understanding how ultrasound waves behave in biological tissues. The specic form of
this equation can be found in reference [66]:

2

o Yepla P=o, (3.2)

In this equation, several critical parameters are de ned, represents the density of the
tissue, which varies depending on the type of tissue and its compositioprepresents the
total pressure eld generated by the acoustic wavexk is the wave number, which is related
to the frequency of the ultrasound and the speed of sound in the tissugy denotes the
source of the dipole domain, accounting for the directional nature of the acoustic sources.
Qm represents the source of the monopole domain, corresponding to the omnidirectional
sources within the medium.
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Solving the inhomogeneous Helmholtz equation allows us to model how the acoustic
waves propagate through the heterogeneous medium of breast tissue. This includes the
interaction of waves with various tissue interfaces, the re ection and refraction phenom-
ena, and the focusing of energy at the target site. The equation encapsulates both the
wave-like nature of ultrasound propagation and the complexities introduced by the tissue's
inhomogeneities.

To solve this equation, we employ numerical methods such as the FEM or the bound-
ary element method (BEM). These methods discretize the tissue volume and apply the
Helmholtz equation to each discrete element, enabling the calculation of the pressure eld
throughout the tissue. This computational approach ensures that the detailed structure
and properties of the tissue are accurately represented.

The solutions to the Helmholtz equation provide the spatial distribution of the acoustic
pressure, which is crucial for the subsequent steps in the HIFU simulation process. Specif-
ically, the pressure eld is used to calculate the intensity and absorption of ultrasound
energy within the tissue, leading to localized heating and therapeutic e ects.

In summary, the inhomogeneous Helmholtz equation (3.1) serves as a fundamental com-
ponent in modeling the xed acoustic eld in HIFU treatments. By accurately solving this
equation, we can predict how ultrasound waves interact with biological tissues, enabling
precise targeting and e ective tumor ablation. This modeling approach forms the founda-
tion for understanding and optimizing HIFU therapy, ensuring its e cacy and safety in
clinical applications.

As acoustic waves travel through breast tissues during HIFU treatment, they undergo
a reduction in intensity, a phenomenon known as attenuation. Attenuation is caused by
the absorption and scattering of the ultrasound energy within the tissue, leading to a
decrease in wave amplitude as the distance from the source increases. This e ect is crucial
to account for, as it directly in uences the distribution of energy and the e cacy of the
treatment.

Di erent types of tissues, such as fat, glandular tissue, and tumors, exhibit varying
levels of attenuation due to their unique acoustic properties. To accurately model the
HIFU process, it is essential to employ a customized attenuation model for each tissue
type, utilizing speci c attenuation coe cients ( ,). These coe cients represent the rate
at which the ultrasound intensity diminishes per unit distance traveled within the tissue.

The inclusion of attenuation in the modeling process results in the wave numbek)(
becoming a complex value, as described by the following equation [66]:
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k=— i a (3.2)

c

In this equation, ! represents the angular frequency of the ultrasound waves.rep-
resents the speed of sound in the tissue., is the attenuation coe cient, which varies
depending on the tissue type.

The complex wave numbek incorporates both the real part,%, which accounts for the
phase velocity of the wave, and the imaginary part, 5, which represents the attenuation.
The imaginary component introduces an exponential decay term in the wave equation,
e ectively modeling the energy loss as the waves propagate through the tissue.

To implement this attenuation model in the HIFU simulation, we rst identify the spe-
ci ¢ tissues involved and assign appropriate attenuation coe cients. For example, adipose
(fat) tissue typically has a lower attenuation coe cient compared to glandular or tumor
tissues, re ecting its di erent acoustic absorption properties. By accurately assigning these
coe cients, we ensure that the simulation re ects the true behavior of ultrasound waves
in a heterogeneous tissue environment.

The next step involves solving the modi ed Helmholtz equation with the complex wave
number, which allows us to compute the attenuated pressure eld within the breast tissue.
This pressure eld is essential for determining the spatial distribution of absorbed acoustic
energy, which in turn dictates the thermal and mechanical e ects on the tissue.

By incorporating tissue-speci ¢ attenuation coe cients, the model can predict more ac-
curately the intensity and distribution of the ultrasound waves, leading to better treatment
planning and optimization. The ability to simulate how attenuation a ects wave propa-
gation helps in designing HIFU protocols that maximize tumor ablation while minimizing
damage to surrounding healthy tissues.

In summary, the customized attenuation model, represented by the complex wave num-
ber equation (3.2), plays a critical role in accurately simulating HIFU treatments. By
accounting for the unique attenuation properties of di erent tissue types, we can enhance
the precision and e ectiveness of the therapy, ultimately improving patient outcomes and
advancing the application of HIFU in clinical practice.

3.2.2 Bioheat Transfer in Breast Tissues
In the context of simulating temperature distribution in biological tissues during HIFU

treatments, Penne's bio-heat transfer equation is employed to model the complex inter-
actions between heat generation, transfer, and dissipation. This equation is crucial for
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predicting the thermal e ects of focused ultrasound energy on tissues, ensuring precise
control and e ective treatment outcomes. The bio-heat transfer equation, as presented in
reference [129], is given by:

Cp@@-[: Knl 2T + 1 oGop(To T)+ Qmet + Qs (3.3)
This mathematical equation incorporates multiple variables that correspond to the
physical properties of both tissue and blood, capturing the key factors in uencing thermal
dynamics in biological systems. Here's a detailed breakdown of the terms and their signi -
cance: represents the density of the tissue, indicating how much mass per unit volume is
present, which a ects how the tissue stores and transfers heat, denotes the speci ¢ heat
capacity at constant pressure of the tissue, re ecting the amount of heat required to raise
the temperature of the tissue by one degree Celsiuk;, is the heat conduction coe cient
of the tissue, describing how e ciently heat is conducted through the tissue materiall
indicates the local blood perfusion rate, which is crucial for modeling the convective heat
transfer due to blood ow. | represents the density of the blood, a ecting how much heat
the blood can carry away from the heated tissuec,, is the speci ¢ heat capacity of the
blood, signifying the amount of heat required to raise the temperature of blood by one
degree Celsius.T, refers to the local temperature of the arterial blood, providing a base-
line for the temperature di erential driving heat transfer between blood and tissueQmet
signi es the rate at which metabolic heat is generated in the region, accounting for the
endogenous heat produced by cellular process&3s denotes the heat source rate, which
corresponds to the power absorbed by the acoustic waves (the dissipated acoustic power),
representing the external energy input from the HIFU treatment.

The left side of the equation, c p%I, represents the rate of change of thermal energy in
the tissue. It balances the various sources and sinks of heat on the right side, ensuring a
comprehensive description of thermal dynamics.

The term knr 2T captures the di usion of heat within the tissue, driven by tempera-
ture gradients. The term!, ,C,s(Ty T) models the convective heat transfer due to blood
perfusion, which can signi cantly a ect temperature distribution, especially in highly vas-
cularized tissues. The metabolic heat generatio®Qn;, adds an endogenous heat source,
while the acoustic powerQs, represents the exogenous heat source from the HIFU proce-
dure.

By solving Penne's bio-heat transfer equation, we can predict the spatial and temporal
temperature distribution within the targeted tissue. This enables the assessment of thermal
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damage and the optimization of HIFU parameters to maximize treatment e cacy while
minimizing collateral damage to surrounding healthy tissues.

In practical applications, numerical methods such as nite element analysis (FEA)
are often used to solve this equation, taking into account the heterogeneous nature of
biological tissues and the complex boundary conditions present in the human body. These
simulations provide valuable insights into the thermal behavior of tissues under HIFU
treatment, guiding the development of safe and e ective clinical protocols.

In summary, Penne's bio-heat transfer equation is a fundamental tool in the simulation
of HIFU-induced thermal e ects. By accurately modeling the heat generation, transfer,
and dissipation within biological tissues, it allows for precise control over the ablation
process, ensuring the successful destruction of pathological tissues while preserving healthy
ones [129].

Once the acoustic eld is resolved, the next step is to determine the acoustic pressure
eld, which is crucial for understanding how the ultrasound waves propagate through the
tissue. The acoustic pressure eld provides detailed information about the distribution of
pressure amplitudes within the tissue, which is necessary for subsequent calculations of
acoustic intensity and heat generation.

Following the determination of the acoustic pressure eld, the computation of the acous-
tic intensity eld is performed. The acoustic intensity eld represents the power transmit-
ted by the acoustic waves per unit area and is essential for quantifying the energy available
for tissue heating. According to references [66, 57], the value@f, required for the thermal
simulation, is calculated using the following equation:

Qs=2 4 = Re :—2va (3.4)

In this equation, , represents the attenuation coe cient,| represents the magnitude
of acoustic intensity, p represents the acoustic pressure, and represents the vector of
acoustic particle velocity. The termQs signi es the rate of heat source, which corresponds
to the power absorbed by the acoustic waves, e ectively translating the acoustic energy
into thermal energy within the tissue.

Additionally, the magnitude of sound intensity refers to the power conveyed by the
acoustic waves per unit area in a direction perpendicular to that area. This is de ned as
follows, according to reference [81]:

1= Pa (3.5)



In this equation, pa represents the amplitude of pressure oscillation at the pressure
anti-node, while and c represent the density and speed of sound, respectively. The sound
intensity, |, is a critical parameter as it quanti es the energy ux through the tissue,
directly in uencing the heating e ect.

By incorporating the acoustic intensity and pressure values, the heat source tefpa can
be accurately computed, which is then used in the bio-heat transfer equation to simulate the
thermal distribution within the tissue. This process involves solving the bio-heat transfer
equation to predict the temperature rise and distribution resulting from the absorbed
acoustic energy.

3.2.3 Prediction of the Fraction of Necrotic Tissue

The evaluation of tissue injury resulting from the hyperthermia process in HIFU treatments
can be e ectively conducted using the Arrhenius kinetic model. This model describes the
thermal damage to biological tissues as a result of elevated temperatures, providing a
quantitative framework for predicting the extent of tissue injury. The Arrhenius model, as
described in references [86, ], is given by:

@ _ NA. E
ot 1 )"Ae ®T (3.6)
In this equation, represents the degree of tissue injury, which varies from 0 (no injury)
to 1 (complete necrosis).n denotes the polynomial order within the equation, capturing
the complexity of the reaction kinetics. R is the universal gas constant, a fundamental
constant in thermodynamics.T corresponds to the tissue temperature at any given time.
A is the frequency factor, which indicates how often the reactants approach the activation
barrier per unit time. E is the activation energy, representing the energy barrier that
must be overcome for the tissue damage reaction to occur.

These parametersA and E, are speci c to the particular tissue type and have been
empirically determined for various tissues. For breast tissue, these parameters have been
calculated asA =1:18 10*s 'and E =3:02 10° J mol . These values are critical
for accurately modeling the thermal response of breast tissue during HIFU treatment.

Once the degree of tissue injury () is determined using the Arrhenius equation, it is
necessary to translate this injury level into a more clinically relevant measure: the fraction
of necrotic tissue. The fraction of necrotic tissue ) indicates the proportion of tissue
that has undergone irreversible damage and necrosis. This can be expressed accordingly,
as detailed in reference [168]:
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¢ = min(max( ; 0);1) (3.7)

This equation ensures that 4 is bounded between 0 and 1, where 0 indicates no necrosis
and 1 indicates complete necrosis. The use of the min and max functions ensures that the
fraction of necrotic tissue is constrained within this biologically meaningful range.

The integration of these equations into the HIFU simulation framework allows for a
comprehensive assessment of tissue injury. Using the bio-heat transfer equation, the spa-
tial and temporal distribution of temperature within the tissue is simulated based on the
absorbed acoustic energy. The Arrhenius equation is applied to the simulated temperature
data to calculate the degree of tissue injury () over time. This step involves solving the
di erential equation for  at each point in the tissue. The degree of injury is then converted
into the fraction of necrotic tissue (4) using equation (4.3). This provides a clear measure
of the extent of irreversible damage. The results are visualized to provide a detailed map
of tissue necrosis, allowing for the evaluation of treatment e cacy and the optimization of
HIFU parameters to maximize tumor ablation while minimizing damage to surrounding
healthy tissue.

By employing the Arrhenius kinetic model and these associated equations, clinicians
and researchers can gain a deeper understanding of the thermal e ects of HIFU on biological
tissues. This approach provides a robust framework for predicting tissue response, guiding
treatment planning, and ensuring the safe and e ective application of HIFU in clinical
practice [36, ].

3.3 Geometry of the Model

All geometry processing presented in this study utilizes the commercial software \MAT-
LAB" [103]. MATLAB is a powerful tool for numerical computing and visualization,
making it ideal for handling the complex simulations required for HIFU treatments. The
software is used to develop and implement the algorithms necessary for modeling the acous-
tic and thermal interactions within the breast tissue.

A technique called ARBP, previously described, is employed in the simulations. The
ARBP method is particularly useful for accurately modeling the boundaries and inter-
actions of acoustic waves within the tissue environment. In the experimental setup, the
geometry includes a water tank where the breast tissue model is placed.

Within the tank, an acoustic transducer is submerged at the bottom. This transducer
generates an ultrasound wave that propagates through the water and into the breast tissues.
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Figure 3.2: 3D visualization of the entire geometry considered.

The transducer is designed in the form of a bowl with a focal length of 51.74 mm, which is
selected based on the position of the tumor's center. The bowl-shaped design ensures that
the ultrasound waves converge at a speci ¢ focal point, which is aligned with the center of
the tumor. This alignment is crucial for concentrating the acoustic pressure precisely on
the tumor, leading to a rapid temperature increase and e ective tissue ablation.

The entire geometry of the experimental setup is depicted in Fig. 3.2. This gure
provides a comprehensive view of the water tank, the submerged transducer, and the
breast tissue model. It illustrates how the ultrasound waves are focused on the tumor,
highlighting the spatial arrangement of the components.

For a clearer representation of the acoustic transducer, a cross-section view of the model
passing through the middle of the geometry is shown in Fig. 3.3. In this illustration, the key
dimensions of the transducer are detailed, including its focal length (radius of curvature)
of 51.74 mm and its aperture of 64 mm. The cross-sectional view helps to visualize the
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curvature of the transducer and its focusing capabilities.

Using MATLAB, the geometry of the water tank, breast tissue, and transducer is
modeled accurately. This includes de ning the dimensions and spatial relationships of all
components. The bowl-shaped transducer is designed to focus ultrasound waves precisely
at the tumor center. The dimensions, such as the focal length and aperture, are chosen
to ensure optimal focusing. The ARBP technique is used to simulate the boundary condi-
tions and interactions of the acoustic waves within the water and tissue environment. This
includes modeling the propagation, re ection, and absorption of the waves. The results of
the simulations, including the pressure and temperature elds, are visualized using MAT-
LAB's powerful graphical capabilities. Figs. 3.2 and 3.3 provide detailed visualizations
that help to understand the focusing and heating e ects of the transducer.

By employing MATLAB and the ARBP technique, the simulations can accurately pre-
dict the behavior of ultrasound waves and their interactions with the tissue. This approach
allows for precise control over the treatment parameters, ensuring that the acoustic pres-
sure is focused on the tumor to achieve e ective ablation while minimizing damage to
surrounding healthy tissues.

In summary, the use of MATLAB for geometry processing and the implementation of
the ARBP technique within a water tank setup provide a robust framework for simulat-
ing and visualizing HIFU treatments. The detailed geometry and careful design of the
transducer ensure that the acoustic waves are accurately focused on the tumor, leading to
successful tissue ablation and improved treatment outcomes [103].

This section outlines the procedure for incorporating and utilizing 3D grid-based numer-
ical breast models with accurate anatomical details in deep learning and FEM simulations.
The numerical breast model used in the simulations was obtained from the UWCEM repos-
itory [1], which houses a comprehensive collection of numerical breast models derived from
MRI scans. These models are meticulously designed to accurately represent the anatomy
of breasts and are instrumental in the detection and treatment planning for breast cancer.

The UWCEM repository's models are based on a series of T1-weighted MRI scans taken
from patients positioned face-down. T1l-weighted images are generated using speci c time
intervals for pulse sequences, known as TE (time to echo) and TR (time of repetition).
These sequences highlight the anatomical structures of the breast tissues, providing detailed
images that can be used to create accurate 3D models.

For the simulations described in this section, a numerical breast model identi ed as
Breast ID 070604PAl and classied as Class 2 was selected from the repository. The
classi cation of the breast models is based on the American College of Radiology's density
categories [133]. These categories are Class 1, mostly fat, with less than 25% glandular
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Figure 3.3: Middle cross-section view of the geometry.
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tissue. Class 2, some bro-connective and glandular tissue. Class 3, heterogeneously dense
breasts, containing 51% to 75% glandular tissue. And Class 4, extremely dense breasts,
with over 75% glandular tissue.

The chosen model, classi ed as Class 2, represents a breast with a moderate amount
of bro-connective and glandular tissue. This classi cation is crucial as it impacts the
acoustic properties and the e ectiveness of HIFU treatments. The model provides a re-
alistic representation of breast anatomy, incorporating various tissue types, including fat,
glandular tissue, and bro-connective structures.

The numerical breast model is downloaded from the UWCEM repository. The model
includes detailed anatomical features based on the MRI scans, ensuring accurate repre-
sentation. The acquired model is preprocessed to t the simulation requirements. This
includes segmenting di erent tissue types, assigning appropriate acoustic and thermal prop-
erties, and creating a 3D grid that represents the tissue structure. The preprocessed model
is integrated into the deep learning framework and FEM simulations. In the deep learning
context, the model is used to train algorithms to detect and analyze breast cancer. In FEM
simulations, the model aids in studying the interaction of ultrasound waves with the breast
tissues, helping to optimize HIFU treatment parameters. The simulations are executed,
utilizing the detailed breast model to provide realistic and accurate results. The FEM
simulations, in particular, bene t from the anatomical details, enabling precise modeling
of acoustic wave propagation, heat generation, and tissue response. The simulation results
are validated against clinical data to ensure accuracy. Detailed analysis is conducted to
understand the impact of various parameters on the treatment outcomes and to re ne the
simulation models further.

The use of accurately classi ed numerical breast models, such as Breast ID 070604PA1,
allows for more precise and e ective simulations, enhancing the predictive power of deep
learning models and the reliability of FEM analyses. This approach ultimately contributes
to improved diagnosis, treatment planning, and therapy outcomes for breast cancer pa-
tients [1, ]

By utilizing the data mentioned earlier and employing a MATLAB [103] function con-
nected to the breast phantom's tissue types, a 3D point cloud is generated within the
spatial coordinates. These point clouds, which accurately represent di erent tissue types,
serve as the foundational data for constructing a detailed 3D model of the breast phan-
tom. The point clouds are then processed using SOLIDWORKS software to convert them
into surfaces and volumes, resulting in the creation of a comprehensive and anatomically
accurate 3D model of the breast phantom [155].

The process begins with the generation of the point clouds in MATLAB, where each
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point is mapped to speci ¢ spatial coordinates based on the tissue type it represents. The
point clouds for di erent tissue types such as bro-connective and glandular tissue (FCG),
transitional tissue, fatty tissue, and muscle are extracted and visualized. These point clouds
are then imported into SOLIDWORKS, a CAD software known for its robust capabilities
in handling complex geometries and creating detailed 3D models.

In SOLIDWORKS, the surfaces are formed by connecting relevant points from each
tissue type. This step involves using the software's surface modeling tools to create contin-
uous surfaces that accurately represent the boundaries of each tissue type. The software's
algorithms ensure that the surfaces are smooth and free of gaps, providing a realistic de-
piction of the anatomical structures. These surfaces are subsequently interconnected to
form a closed volume, which accurately replicates the various tissue types present in the
breast phantom.

To simplify the process and create an ARBP, four speci c tissue types are isolated:
FCG, transitional tissue, fatty tissue, and muscle. Each tissue type is modeled separately
to ensure that the unique properties and spatial distribution are accurately captured.
Relevant information regarding these tissue types is extracted from the provided database
and used to guide the modeling process.

Once the surfaces are created, they are stitched together to form a closed volume. This
volume is then re ned to ensure that it accurately re ects the anatomical features and
spatial relationships of the di erent tissue types. The nal 3D model is a detailed and
realistic representation of the breast phantom, suitable for use in simulations and other
applications.

Fig. 3.4 provides a visual representation of the multiple steps involved in generating
a 3D breast phantom. The gure showcases the point cloud obtained from the database,
the surfaces derived from this point cloud, and the resulting volume corresponding to fatty
tissue. The visualization in Fig. 3.4 helps to illustrate the transformation process from
raw point cloud data to a nished 3D model.

Each tissue type is transformed into a 3D object following the detailed steps depicted
in Fig. 3.4, enabling a better understanding of the entire process. This comprehensive ap-
proach ensures that the nal model is not only anatomically accurate but also functional for
various applications, including medical simulations, treatment planning, and educational
purposes. By following these steps, the resulting 3D breast phantom provides a valuable
tool for advancing research and improving clinical outcomes in breast cancer diagnosis and
treatment [103, ].

Our simulations involve representing the tumor as an ellipsoid object with specic
dimensions: 10 mm in the z-axis diameter, and 5 mm in the x-axis and y-axis diameters.
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Figure 3.4: Three distinct processes were used to build a 3D breast phantom: (a) obtaining
a point cloud from the database; (b) constructing surfaces from the point cloud; and (c)
producing the volume from knitted surfaces.

This particular con guration accurately models a small, early-stage tumor. Such tumors
are classi ed as T1lc, which signi es that the tumor is greater than 1 cm but not more
than 2 cm in its greatest dimension and has not spread to lymph nodes or other parts of
the body [83]. This classi cation indicates a relatively early stage of cancer development,
where treatment and management options are most e ective.

In our model, the tumor is strategically positioned within the fatty tissue of the breast
phantom. This placement is crucial for simulating a realistic scenario, as fatty tissue is
a common site for the development of breast tumors. The accurate representation of the
tumor's location within the breast's anatomical structure allows for more precise simulation
results, particularly in the context of HIFU treatment planning and execution.

The various tissue types mentioned earlier|FCG, transitional tissue, fatty tissue, and
muscle|are integrated into the simulation model to create an ARBP. Each tissue type is
assigned its respective acoustic and thermal properties, which are essential for accurately
modeling the propagation of ultrasound waves and the resulting thermal e ects.

In our simulations, the ARBP model includes the tumor and its surrounding tissues,
providing a comprehensive framework for studying the interactions between the ultrasound
waves and the di erent tissue types. The realistic geometry and material properties ensure
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that the simulations can predict the behavior of the ultrasound waves and their impact on
the tumor and surrounding tissues with high delity.

Fig. 3.5 illustrates the detailed con guration of the ARBP model, highlighting the
tumor's location within the fatty tissue. This gure is essential for visualizing the spatial
relationships between the di erent tissue types and understanding the setup of the simula-
tion environment. The gure shows how the ellipsoid tumor is embedded within the fatty
tissue, surrounded by other breast tissues, thus providing a clear context for the simulation
results.

The use of an ellipsoid shape for the tumor allows for a more realistic representation of
tumor geometry, as real tumors are often irregular and not perfectly spherical. This choice
enhances the accuracy of the simulation by better mimicking the actual conditions found in
clinical scenarios. Moreover, the small size and early-stage classi cation of the tumor align
with the clinical focus on early detection and treatment, making the simulation relevant
for real-world applications.

By incorporating these detailed anatomical and physiological characteristics into our
simulations, we can more e ectively study the e cacy of HIFU treatments. The ability to
accurately simulate the acoustic and thermal interactions within the breast tissues helps in
optimizing treatment parameters, improving targeting precision, and minimizing collateral
damage to healthy tissues. This approach ultimately aims to enhance the e ectiveness of
HIFU as a non-invasive treatment option for breast cancer.

In conclusion, the detailed representation of the tumor and surrounding tissues in our
ARBP model, as depicted in Fig. 3.5, plays a crucial role in the accuracy and relevance of
our simulations. This comprehensive modeling approach ensures that our ndings can be
e ectively translated into clinical practice, contributing to better treatment outcomes for
patients with early-stage breast cancer [33].

3.4 Simulation Procedure

This section provides a comprehensive demonstration and explanation of the numerical
modeling process for HIFU. Each step is meticulously outlined, detailing the necessary
data, material properties, and the initial and boundary conditions required for each physical
phenomenon involved in the process.

The rst step focuses on simulating the generation of ultrasonic waves within the spec-
i ed domain. This involves understanding the propagation of these waves through vari-
ous tissues and materials, considering factors such as wave frequency, amplitude, and the
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