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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 effective, of-
ten involve invasive procedures, leading to significant 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, offers distinct advantages, such
as reduced recovery times, minimal trauma, and cost-effectiveness, positioning it as an
innovative approach in oncology.

This thesis explores the potential of HIFU when enhanced through artificial intelligence
(AI), focusing on a unique Al-assisted, ultrasound-guided HIFU (USgHIFU) system aimed
at improving precision, safety, and efficacy 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 AI. With the increasing prevalence
of cancer globally, there is an urgent need for safer, effective, and patient-friendly alterna-
tives to traditional surgery. Conventional cancer treatments, while effective, 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 effectiveness 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
efficiently. The integration of Swin-Unet architecture for real-time segmentation further
refines the precision of HIFU therapy, thus reducing treatment risks and ensuring com-
prehensive tumor coverage. This framework’s potential extends to enhancing the safety,
efficacy, and personalization of cancer treatments, presenting HIFU as a viable, patient-
centered alternative in oncology.

By bridging machine learning with HIF'U, this thesis lays the groundwork for advanced,
precise, and safer cancer treatments, envisioning a future where non-invasive therapies offer
effective 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 efficacy of
HIFU therapy for non-invasive cancer treatment, specifically targeting breast tumors. This
objective is pursued through the integration of AI with USgHIFU systems. To achieve this
overarching goal, the following specific 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 differential equations governing heat and acoustic
wave interactions, with high computational efficiency compared to traditional finite
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 HIF'U-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 through ex vivo experiments using biological tissues to confirm
their accuracy in predicting thermal and acoustic effects. The experimental phase
aims to develop a personalized treatment strategy that integrates AI, computational
modeling, and empirical data to offer 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 field 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



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 finite element modeling are mitigated, leading to
improved simulation accuracy and efficiency for HIFU therapy applications.

2. Personalized Preoperative Treatment Planning Using Deep Learning: A
significant 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 identified, reducing both treatment time and risks as-
sociated with overtreatment or undertreatment of tissues. This approach provides a
new way to achieve precise, patient-specific 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 effectiveness in accurately identifying ablated regions. The frame-
work enhances the precision of treatment and reduces the dependence on manual
interventions, thereby contributing to automated, efficient HIFU treatment systems.

4. Experimental Validation and Translation to Clinical Applications: Exper-
imental validation through ez wvivo studies involving bovine liver is conducted to
assess the accuracy of the proposed methods in predicting temperature distribution
and necrotic tissue fraction. These experiments confirm 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 significantly impact both the research community and clinical
practice, offering a pathway toward more precise and personalized cancer treatments.

4



1.4 Thesis Structure

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

1. Introduction: This chapter provides an overview of the motivation for the research,
the significance of HIFU in non-invasive cancer treatment, and the role of artificial
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 final chapter summarizes the key findings 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 efficacy
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 effective treatment
methods has never been more pressing. Breast cancer specifically continues to pose a
significant risk, leading to 284,200 new cases and 44,130 deaths in 2021 in the United
States alone [110]. Traditional surgical interventions, while effective, come with significant
limitations and risks, particularly for patients with early-stage tumors who might benefit
from less invasive treatments [I14]. These limitations have driven a growing demand for
alternative treatments that can offer similar or better efficacy with reduced invasiveness
and fewer side effects.

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 [1 14, 78]. HIFU has demonstrated significant efficacy
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-effective, potentially reducing the financial burden on healthcare systems and
patients [158].

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



agents, thereby improving their efficacy and potentially reducing the required dosage and
associated side effects [158].

Overall, the integration of HIFU into cancer treatment protocols represents a ground-
breaking advancement in oncology, offering a safer, more effective, and less invasive alter-
native to traditional surgical interventions. As research and clinical applications continue
to evolve, HIFU has the potential to significantly 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, offering significant 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 efficacy in clinical settings. Feril
et al. [15] focused on the clinical use of HIFU specifically 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 effectiveness across diverse patient populations.

In response to this need, our current research develops a deep-learning model to explore
HIFU’s effectiveness, building on insights from recent, significant 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, significant advancements have been made in simulating the effects 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 finite-difference time-domain formulation for acoustic wave transmission, providing a
detailed analysis of how acoustic waves propagate through different tissue types. This
foundational work paved the way for more precise modeling of HIFU applications.

Building on this, Gupta et al. [52] and Rezaecian 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 efficacy in cancer treatment. Rezaeian et al.’s study further elucidated
the complex thermal dynamics involved, highlighting critical factors that influence the
treatment’s effectiveness and safety.

Montienthong et al. [114] specifically 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 effective
HIFU treatment protocols.

Further expanding the understanding of thermal effects, 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 flow, providing a holistic view of HIFU’s multifaceted
effects on biological tissues. This research emphasized the importance of considering hemo-
dynamic factors in developing accurate and effective HIFU treatment plans.

Overall, these studies illustrate the rapid advancements in simulating HIFU’s effects,
underscoring the importance of detailed and accurate models in enhancing the efficacy
and safety of HIFU treatments. By continuing to refine 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 effective. These
advanced computational techniques extend to scientific computing, where they facilitate
differential and integral calculations, offering a robust alternative to traditional numerical
methods [5, 40, , , , 4, , 8, 150].

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 field has led to significant 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 offers 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 effects 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-specific anatomical features, leading to more personalized and effective 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 effective 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 significant advancement in the field of
HIFU research. These techniques offer a comprehensive approach to modeling and simu-
lating the complex phenomena associated with HIFU treatment, paving the way for more



accurate, efficient, and personalized cancer therapies. As the field 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 differential equa-
tions (PDEs) by leveraging deep learning to approximate solutions while adhering to phys-
ical laws, thereby significantly reducing computational demands compared to traditional
methods like the finite difference method (FDM) and finite element method (FEM) [33,

, , , 97, , 0, , 3, 7]. The innovative integration of PINNs in computational
science has opened new avenues for efficiently 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 reflected in the simulations.
The use of ARBPs significantly 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 oversimplified 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 effects 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 effects 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 PINNs, the study showcases how deep learning can be effectively applied
to simulate the nonlinear and multiphysics phenomena inherent in HIFU therapy. This
method offers a more efficient and accurate alternative to traditional numerical techniques,
reducing computational time and resources while maintaining high fidelity to the physical
principles governing tissue response to ultrasound waves.

The findings 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

10



physics-based modeling represents a paradigm shift in how complex biomedical problems
are approached, paving the way for more personalized and effective treatment strategies.

In conclusion, the utilization of PINNs in this study exemplifies 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 efficiency of
simulations but also bridges the gap between theoretical models and clinical applications.
This innovative approach holds great promise for improving the efficacy 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
different 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 effectively 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 effects 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 effects,
we can predict the therapeutic efficacy of the HIFU treatment. This detailed simulation
provides insights into how different parameters and settings of the HIFU device can be
optimized for maximum effectiveness.

2.2 Presurgical Plan

The primary therapeutic effect 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 specific
target within the tissue, thereby elevating the temperature to cytotoxic levels only within
a confined volume. This precision ensures that thermal damage is localized, minimizing
collateral damage to surrounding healthy tissues. Typically, the affected 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 effectively [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 beneficial 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 effects while
minimizing the risk of adverse outcomes.

In summary, while HIFU offers a highly targeted approach to tumor ablation through
localized heating and protein coagulation, its effectiveness 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 efficacy 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 findings reported in several studies [181, 10, . While
HIFU’s non-invasive nature and precision in targeting specific tissue areas offer significant
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 significant drawback, limiting
the practicality and patient throughput in clinical settings [11, , L7

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 affecting the surrounding healthy tissues [30].

Additionally, the heterogeneity of tumor tissue and the varying acoustic properties
within a tumor can affect 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 effective 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
significant 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, 111, 17].

Recent advances in numerical methods and information technology have significantly
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 effectively focused on the target tissue without causing undue
harm to surrounding healthy tissues. This capability enhances the safety and efficacy of the
treatment, ensuring that only those patients who are likely to benefit from the procedure
are selected.

Another important application is treatment verification. 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 different
scanning pathways helps in reducing treatment time significantly. By carefully planning the
transducer movements and energy delivery parameters, clinicians can ensure that the entire
tumor volume is covered efficiently, minimizing the risk of leaving untreated cancerous cells
that could lead to metastasis.

The precision offered 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 effective manner, enhancing treatment outcomes and reducing the likelihood of side
effects.

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 effectiveness 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 verification but also optimize the
scanning pathways, thereby reducing treatment times and improving overall treatment
efficacy. Such technological advancements are crucial for the ongoing development and
wider adoption of HIFU as a reliable and effective 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 [17, ]. In the sequential
discrete mode, localized treatments are administered sequentially by moving the HIFU
transducer in a stepwise manner. Each discrete step targets a specific area before moving
to the next, allowing for precise control over the treatment region. However, this method
can lead to thermal diffusion 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 insufficient treatment of the initial spots and overtreatment
of the later ones. This can lead to uneven thermal doses and variability in treatment
efficacy [29, 1806, 185].

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 diffusion, researchers have inves-
tigated various navigation algorithms and heating protocols. For instance, Giannakou
et al. [18] evaluated six alternative navigation algorithms to determine the amount of
transducer-generated heating in the pre-focal area. Their findings 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 [/14]
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 significant 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 [112]. Historically, researchers have modified
fixed treatment paths by altering one of these variables due to the computational complex-
ity involved in simultaneously optimizing multiple parameters [14, (4, , , , 12].
For example, variations in applied power magnitude [170], ultrasound frequency [170], or
inter-sonication delay periods [105] have been explored to enhance treatment efficacy.

Most researchers utilize defined 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 effective and safe, result in prolonged treatment
times [14, 64, , 104]. The challenge lies in balancing the need for thorough tumor ab-
lation with the practical constraints of treatment duration. Continuous efforts are being
made to refine these protocols and develop more efficient treatment strategies that maintain
the delicate balance between efficacy 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 effectiveness and efficiency of HIFU treatments. Ongo-
ing research and technological advancements continue to enhance our understanding and
capability in this field, paving the way for more effective and time-efficient HIFU thera-
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Payne et al. [127] presented the findings 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 sufficient 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 significant reduc-
tion in overall treatment time, making the procedure more efficient and potentially more
comfortable for patients.

Building on these principles, Fan and Hynynen [13] 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

16



volumes. Their study aimed to determine the most efficient 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 differences of several
minutes, even when cooling times were fixed at one minute between sonications. This
highlights the importance of optimizing the scanning pathway to enhance the efficiency of
HIFU treatments.

A volumetric sonication approach, as suggested by Kohler et al. [81], 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 effectively treated. The volumetric approach was further extended by Enholm
et al. [11], who built upon the group’s previous work with nested spirals [I 18, |. 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 effective and efficient HIFU therapies. The inte-
gration of numerical modeling, heuristic algorithms, and advanced sonication techniques
represents a significant step forward in the field, 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, reflects the dynamic nature of this field.
Researchers are increasingly able to achieve precise and efficient tumor ablation, reducing
treatment times and enhancing the safety and efficacy of HIFU therapy. The collective
efforts 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 effective treatment modality for various types of tumors [127, 43, 93, 81,

, 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°C.
This approach leverages advanced mathematical techniques to identify the most efficient
scanning path, reducing overall treatment time and minimizing the risk of thermal damage

Y
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to adjacent healthy tissues. In theoretical simulations, this method requires a significant
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 efficiency. 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 and ez 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
findings indicated that spiral scanning methods could provide more uniform heating and
better lesion formation compared to raster scanning, potentially leading to more effective
and efficient HIFU treatments.

Coon et al. [26] explored the concept that adjusting the course of a HIFU therapy’s
N focus zone heating pulse can significantly 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 effectiveness 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 effects in
tissue has shown promise in boosting treatment efficacy. Studies by Cudov4 et al. [27] and
Liu et al. [92] highlight the potential benefits 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 field of HIFU therapy. Future research
should focus on developing comprehensive optimization frameworks that address these
multiple objectives, ensuring that HIFU treatments are not only effective and efficient 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 refining scanning paths, adjusting expo-
sure durations, and integrating biological effects, researchers are making significant strides
towards more effective and patient-friendly HIFU therapies. However, achieving the ideal
balance between treatment efficacy, efficiency, 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 efficiency of HIFU treatment planning. Specifically, 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 artificial neural network
(ANN), which considers multiple potential solutions and selects the optimal plan based
on predefined 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 refine 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 effective 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 different conditions and allow for fine-
tuning of the ANN’s parameters. Experimentally, the proposed method is tested using
phantom models and ex 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 significantly
reduced. The optimized scanning path minimizes the time required to cover the entire
tumor volume, thereby enhancing the efficiency 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 predefined 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 offers 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 benefit from HIFU
therapy.

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

2.3 Segmentation

Breast ultrasound (BUS) imaging provides a safe, affordable, 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 affordability and high frame rates enhance
its practicality for widespread screening and real-time imaging. However, the effectiveness
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 (CADx) devices that can aid in
the detection and analysis of breast abnormalities, thereby standardizing and potentially
improving diagnostic accuracy.

CADx devices are not only beneficial 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 significant step forward in the field 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. Effective segmentation is essential
for ensuring precise targeting and treatment of the affected tissue, thereby enhancing the
overall efficacy and safety of the procedure. While B-mode imaging is considered a low-cost
and real-time imaging system, it suffers 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 effective monitoring and intervention.

To address these challenges, this project proposes a novel B-mode image segmentation
framework specifically designed for HIFU ablation monitoring. The framework leverages
advanced image processing techniques to enhance the segmentation accuracy of HIFU
ablated lesions. By refining the segmentation process, the framework ensures that the low-
cost and real-time advantages of B-mode imaging are retained while significantly 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 effective 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-effectiveness and real-time
benefits of B-mode imaging, the framework offers 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 effective 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 efficient in terms of the number of
sonications and overall efficacy. 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,
effective ablation segmentation can be integrated into HIFU path planning systems, where
the therapy operates based on feedback from a pre-defined 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-
fication simultaneously. These models have garnered significant attention due to their
effectiveness in various segmentation applications [2, ]. Despite recent advancements in
ultrasound imaging segmentation [132, , 74, 112], 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 ineffective therapy.

To address this limitation, this study proposes a novel deep pixel-wise segmentation
model specifically designed for ultrasound thermal ablation segmentation. This model is
more sensitive to the subtle differences 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 first to address the problem of breast tumor ablation segmentation
using B-Mode imaging during HIFU therapy. This represents a significant advancement
in the application of ultrasound imaging for HIFU treatments. Second, we introduce a
novel pixel-wise segmentation deep neural model that accurately identifies 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
field 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 [111, 51, 9], clustering-based
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techniques [115], and several other families of techniques [67, ]. For instance, Liu et
al. [91] employed anisotropic diffusion filtering to reduce speckle noise in ultrasound images.
The filtered 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 filtered 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 final stage, NC is applied to merge the over-segmented regions and accurately segment
the ROL.

Zhou et al. [188] demonstrated the use of Gaussian filtering and histogram equalization
to smooth and enhance the contrast of breast ultrasound (BUS) images. They then applied
a pyramid mean shift filter to increase image homogeneity. The final 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 effectiveness in improving segmentation outcomes. These
methods have shown promise for high-precision, autonomous breast lesion identification
and for optimizing HIFU focus distribution strategies, thereby enhancing the overall effec-
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 efficacy of
surgical procedures [116, 12]. Liao et al. proposed an innovative integrated diagnostic and
therapy system designed for precision neurosurgery. This system utilizes intra-operative
5-aminolevulinic acid-induced fluorescence 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 different 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 significant progress in medical
imaging tasks. When sufficient 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 specifically 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 field,
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 effective learning procedure. This combination of residual connections and multi-
ple loss functions helps the model to converge more efficiently 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 offer 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 significant
challenges, particularly in the context of HIFU therapy. Specifically, 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 effectiveness of online monitoring during HIFU therapeutic procedures.
Accurate differentiation 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 refine image analysis processes, thereby overcoming current short-
comings and advancing the capabilities of HIFU therapeutic systems [165, ?].

By tackling these challenges, the proposed method seeks to bridge the gap between
existing deep learning models and the specific demands of HIFU therapy, offering potential
solutions for more effective 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 effects on tissues, and the criteria for effective 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
different 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 offer 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 efficacy 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
efforts in this innovative field.

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 specifically 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/cm?, 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 effects: thermal and mechanical. The thermal effect occurs as the focused ultra-
sound waves cause rapid heating in the target tissue, raising the temperature to levels that
induce coagulative necrosis, effectively destroying the tumor cells. This localized heating
ensures that the surrounding healthy tissues remain largely unaffected, thereby minimizing
collateral damage and preserving normal tissue function.

In addition to thermal effects, mechanical effects 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 [134].

The combination of these thermal and mechanical effects makes HIF'U 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, offering a promising alternative to conventional surgical
procedures. Ongoing research and technological advancements continue to enhance the
efficacy and safety of HIFU ablation, expanding its applications in clinical oncology and
other medical fields.

The thermal effect 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 specific 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 60 °C 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 affected
tissue subsequently undergoes a series of biological responses, including inflammation and
fibrosis, ultimately resulting in the resorption or stabilization of the treated area.

The efficiency and effectiveness 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 confined 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 significant 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 efficacy and expand its clinical applications [134].

In summary, the thermal effect 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 offers a powerful tool for the non-invasive treatment of various cancers,
providing an effective alternative to conventional surgical methods.
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The mechanical effects induced by HIFU, including cavitation, micro-streaming, and
radiation force, play a significant role in the therapeutic application of this technology.
These effects 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 effectiveness of HIFU by creating additional
pathways for tissue damage beyond thermal effects.

Micro-streaming refers to the rapid, small-scale fluid movements induced by the os-
cillation of microbubbles in an acoustic field. 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 benefits of these mechanical effects, the thermal process remains
the preferred method for tissue ablation in HIFU treatments due to its better understanding
and controllability. The thermal effect, 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 effects, while powerful, can be more difficult to control and predict
compared to thermal effects. Cavitation, for example, can be highly variable and dependent
on the specific 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 effects of HIFU to enhance its therapeutic efficacy. Advances in
imaging and monitoring technologies, as well as a deeper understanding of the underlying
mechanisms, may lead to more effective and safe use of mechanical effects in the future [134].
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In summary, while the mechanical effects 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 effects to improve therapeutic
outcomes.

HIFU is rapidly gaining recognition in the medical field as a highly effective 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 specific clinical requirements
and the location of the treatment area. This flexibility 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 fibroids,
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 unaffected due to the precision of the
focused energy, which minimizes collateral damage and enhances the safety profile 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 effective 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 efficacy. 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 significant advancement in non-invasive medical treat-
ments, offering a safe, effective, 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 fixed acoustic field 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 specific form of
this equation can be found in reference [66]:

2
v. (_lwp_q—g)) - _q, (3.1)

In this equation, several critical parameters are defined, p represents the density of the
tissue, which varies depending on the type of tissue and its composition. p represents the
total pressure field generated by the acoustic waves. k is the wave number, which is related
to the frequency of the ultrasound and the speed of sound in the tissue. ¢4 denotes the
source of the dipole domain, accounting for the directional nature of the acoustic sources.
Q.. 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 reflection 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 field
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 field is used to calculate the intensity and absorption of ultrasound
energy within the tissue, leading to localized heating and therapeutic effects.

In summary, the inhomogeneous Helmholtz equation (3.1) serves as a fundamental com-
ponent in modeling the fixed acoustic field in HIFU treatments. By accurately solving this
equation, we can predict how ultrasound waves interact with biological tissues, enabling
precise targeting and effective tumor ablation. This modeling approach forms the founda-
tion for understanding and optimizing HIFU therapy, ensuring its efficacy 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 effect is crucial
to account for, as it directly influences the distribution of energy and the efficacy of the
treatment.

Different 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 specific attenuation coefficients («,). These coefficients 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 number (k)
becoming a complex value, as described by the following equation [(0]:
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w
k=——1a, (3.2)

c
In this equation, w represents the angular frequency of the ultrasound waves. ¢ rep-
resents the speed of sound in the tissue. «, is the attenuation coefficient, which varies

depending on the tissue type.

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

To implement this attenuation model in the HIFU simulation, we first identify the spe-
cific tissues involved and assign appropriate attenuation coefficients. For example, adipose
(fat) tissue typically has a lower attenuation coefficient compared to glandular or tumor
tissues, reflecting its different acoustic absorption properties. By accurately assigning these
coefficients, we ensure that the simulation reflects the true behavior of ultrasound waves
in a heterogeneous tissue environment.

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

By incorporating tissue-specific attenuation coefficients, 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 affects 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 different tissue types, we can enhance
the precision and effectiveness 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 effects of focused ultrasound energy on tissues, ensuring precise
control and effective treatment outcomes. The bio-heat transfer equation, as presented in
reference [129], is given by:

oT
Py = kn V2T + wponCpp(Ty — T) + Quer + Qs (3.3)

This mathematical equation incorporates multiple variables that correspond to the
physical properties of both tissue and blood, capturing the key factors influencing thermal
dynamics in biological systems. Here’s a detailed breakdown of the terms and their signifi-
cance: p represents the density of the tissue, indicating how much mass per unit volume is
present, which affects how the tissue stores and transfers heat. ¢, denotes the specific heat
capacity at constant pressure of the tissue, reflecting the amount of heat required to raise
the temperature of the tissue by one degree Celsius. kj, is the heat conduction coefficient
of the tissue, describing how efficiently heat is conducted through the tissue material. wy,
indicates the local blood perfusion rate, which is crucial for modeling the convective heat
transfer due to blood flow. p, represents the density of the blood, affecting how much heat
the blood can carry away from the heated tissue. ¢, is the specific heat capacity of the
blood, signifying the amount of heat required to raise the temperature of blood by one
degree Celsius. Ty refers to the local temperature of the arterial blood, providing a base-
line for the temperature differential driving heat transfer between blood and tissue. @,
signifies the rate at which metabolic heat is generated in the region, accounting for the
endogenous heat produced by cellular processes. Qs 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, pcp%—f, 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 k;, V2T captures the diffusion of heat within the tissue, driven by tempera-
ture gradients. The term wyppc, (1, —1') models the convective heat transfer due to blood
perfusion, which can significantly affect temperature distribution, especially in highly vas-
cularized tissues. The metabolic heat generation, @),,.;, adds an endogenous heat source,
while the acoustic power, (Qg, 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 efficacy while
minimizing collateral damage to surrounding healthy tissues.

In practical applications, numerical methods such as finite 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 effective clinical protocols.

In summary, Penne’s bio-heat transfer equation is a fundamental tool in the simulation
of HIFU-induced thermal effects. 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 field is resolved, the next step is to determine the acoustic pressure
field, which is crucial for understanding how the ultrasound waves propagate through the
tissue. The acoustic pressure field 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 field, the computation of the acous-
tic intensity field is performed. The acoustic intensity field 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 [0, 57], the value of Qg, required for the thermal
simulation, is calculated using the following equation:

Qs =2a,1 = ‘Re (%pv)‘ (3.4)

In this equation, «, represents the attenuation coefficient, I represents the magnitude
of acoustic intensity, p represents the acoustic pressure, and v represents the vector of
acoustic particle velocity. The term Qg signifies the rate of heat source, which corresponds
to the power absorbed by the acoustic waves, effectively 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 defined as
follows, according to reference [31]:

(3.5)



In this equation, ps represents the amplitude of pressure oscillation at the pressure
anti-node, while p and ¢ represent the density and speed of sound, respectively. The sound
intensity, I, is a critical parameter as it quantifies the energy flux through the tissue,
directly influencing the heating effect.

By incorporating the acoustic intensity and pressure values, the heat source term Qg 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 effectively 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 [30, 168], is given by:

aOé AE

- = (1 — a)"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. AFE is the activation energy, representing the energy barrier that
must be overcome for the tissue damage reaction to occur.

These parameters, A and AFE, are specific to the particular tissue type and have been
empirically determined for various tissues. For breast tissue, these parameters have been

calculated as A = 1.18 x 10** s~! and AE = 3.02 x 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 (6;) indicates the proportion of tissue
that has undergone irreversible damage and necrosis. This can be expressed accordingly,
as detailed in reference [165]:
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0; = min(max(«,0),1) (3.7)

This equation ensures that 6, 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
differential equation for « at each point in the tissue. The degree of injury is then converted
into the fraction of necrotic tissue (6;) 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 efficacy 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 effects of HIFU on biological
tissues. This approach provides a robust framework for predicting tissue response, guiding
treatment planning, and ensuring the safe and effective application of HIFU in clinical
practice [80, 168].

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 specific 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 effective tissue ablation.

The entire geometry of the experimental setup is depicted in Fig. 3.2. This figure
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 defining 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, reflection, and absorption of the waves. The results of
the simulations, including the pressure and temperature fields, 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 effects 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 effective 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 [!], 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 T'1-weighted MRI scans taken
from patients positioned face-down. T1-weighted images are generated using specific 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 identified as
Breast ID 070604PA1 and classified as Class 2 was selected from the repository. The
classification 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 fibro-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, classified as Class 2, represents a breast with a moderate amount
of fibro-connective and glandular tissue. This classification is crucial as it impacts the
acoustic properties and the effectiveness of HIFU treatments. The model provides a re-
alistic representation of breast anatomy, incorporating various tissue types, including fat,
glandular tissue, and fibro-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 fit the simulation requirements. This
includes segmenting different 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, benefit 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 refine the
simulation models further.

The use of accurately classified numerical breast models, such as Breast ID 070604PA1,
allows for more precise and effective 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, 133].

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 different 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 specific spatial coordinates based on the tissue type it represents. The
point clouds for different tissue types such as fibro-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 specific 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 refined to ensure that it accurately reflects the anatomical features and
spatial relationships of the different tissue types. The final 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 figure 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 finished 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 final 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, 155].

Our simulations involve representing the tumor as an ellipsoid object with specific
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 configuration accurately models a small, early-stage tumor. Such tumors
are classified as T1lc, which signifies 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 [33]. This classification indicates a relatively early stage of cancer development,
where treatment and management options are most effective.

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 effects.

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 different 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 fidelity.

Fig. 3.5 illustrates the detailed configuration of the ARBP model, highlighting the
tumor’s location within the fatty tissue. This figure is essential for visualizing the spatial
relationships between the different tissue types and understanding the setup of the simula-
tion environment. The figure 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 classification 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 effectively study the efficacy 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 effectiveness 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 findings can be
effectively 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 first step focuses on simulating the generation of ultrasonic waves within the spec-
ified 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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Figure 3.5: Considered 3D geometry of tissue types separately and collectively: (a) FCG
tissue; (b) transitional tissue; (c) fatty tissue, muscle, and tumor; and (d) all tissues within
each other as the ARBP.
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acoustic properties of the medium. Accurate representation of these properties is crucial
to ensure the simulation mimics real-world conditions as closely as possible.

In the second step, the simulations involve the generation of heat and the subsequent
transfer of this heat within the breast phantom. This step requires a detailed thermal
analysis, accounting for the thermal conductivity, specific heat capacity, and density of the
breast tissue. The heat generated by the ultrasonic waves causes localized temperature
increases, which must be accurately modeled to predict the thermal effects on the tissue.
The transfer of heat through conduction and, potentially, perfusion within the tissue is
also considered, as these factors influence the overall thermal response of the tissue.

Overall, the numerical modeling process for HIFU presented in this section provides
a detailed roadmap, guiding through each phase with a clear explanation of the physics
involved and the necessary parameters. This ensures that the simulation is robust and
reliable, providing valuable insights into the behavior of ultrasonic waves and heat transfer
in biological tissues.

The initial step in the numerical modeling process concentrates on the consideration
of pressure acoustics in frequency-domain physics. At the boundary of the transducer
aperture, an input displacement amplitude (dp) is introduced to initiate the simulation.
This displacement amplitude is set at 3.8 nm, ensuring precise control over the initial
conditions of the simulation.

According to Diaz et al. [31], when the input pressure remains below py = 0.35 MPa,
the solutions obtained for a similar HIFU setup are within the linear regime. This implies
that the behavior of the acoustic waves can be accurately predicted using linear equations,
which simplifies the computational model and enhances its efficiency. However, as the
input pressure increases beyond this threshold, the results enter a nonlinear regime. In
this regime, the relationship between pressure and displacement becomes more complex,
leading to deviations from the linear solution, particularly in the focal region where the
acoustic energy is concentrated.

The solution of the acoustic pressure equation (Eq. 3.1) assumes linearity in the prop-
agation of acoustic waves. This means that the model does not consider the nonlinear
effects that can occur at higher pressures, where the acoustic waves may interact in more
complex ways. Additionally, the magnitude of shear waves in the tissue is significantly
smaller than that of pressure waves, which allows for the simplification of the model by
neglecting shear waves and their associated nonlinear effects.

Based on these assumptions, the input pressure for the simulation is set at approxi-
mately 0.1 MPa. This value ensures that the simulation remains within the linear regime,
providing accurate and reliable results. The acoustic frequency is considered to be 1.1 MHz,
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which is a typical frequency for HIFU applications. This frequency is chosen to balance the
penetration depth and the resolution of the ultrasonic waves, ensuring effective targeting
of the tissue while maintaining a high level of precision.

Overall, this step lays a solid foundation for the numerical modeling process, estab-
lishing the initial conditions and parameters necessary for accurate simulation of pressure
acoustics in HIFU applications. By carefully selecting the input pressure and frequency,
and by focusing on the linear regime, the model provides a robust framework for subsequent
steps in the simulation process.

Following the simulation of acoustic wave propagation within the breast phantom, the
next step involves incorporating time-dependent bioheat transfer physics to model the
thermal effects induced by the ultrasonic waves. This step is crucial for understanding the
thermal dynamics within the tissue and predicting the extent of tissue ablation.

To begin, the acoustic intensity field is determined based on the previously calculated
acoustic pressure field. This intensity field provides the necessary data to compute the
thermal energy imparted to the tissue. The heat source (Qg) responsible for this thermal
energy is calculated using Eq. 3.4, which accounts for the conversion of acoustic energy into
heat within the tissue. This equation considers factors such as the absorption coefficient
of the tissue and the intensity of the acoustic waves.

In our simulations, the duration of the acoustic wave presence is set to 1 second. This
short duration is chosen to represent the initial phase of the HIFU treatment, where the
ultrasonic waves are actively delivering energy to the targeted tissue. During this 1-second
period, the heat source generated by the ultrasonic waves is active, leading to a rapid
increase in temperature within the focal region.

Following this initial 1-second period, the simulation continues for an additional 4 sec-
onds without the presence of the heat source. This phase simulates the cooling down process
of the tissue, allowing for the analysis of the thermal relaxation and heat dissipation that
occur after the cessation of the ultrasonic waves. The total simulation time of 5 seconds
provides a comprehensive view of the thermal response of the tissue, encompassing both
the heating and cooling phases.

The primary objective of this thermal simulation is to determine the extent of necrotic
tissue resulting from the 5-second exposure to elevated temperatures. By analyzing the
temperature distribution and the thermal dose delivered to the tissue, it is possible to
predict the regions where irreversible thermal damage occurs. This information is critical
for assessing the efficacy of the HIFU treatment and ensuring that the targeted tissue is
effectively ablated while minimizing damage to surrounding healthy tissue.
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Overall, this step integrates the acoustic and thermal aspects of the HIFU process,
providing a detailed understanding of the thermal dynamics and their impact on tissue
ablation. By incorporating time-dependent bioheat transfer physics, the simulation offers
valuable insights into the thermal behavior of the tissue and the effectiveness of the HIFU
treatment.

To calculate the fraction of necrotic tissue, thermal damage is quantified in the simula-
tion using the Arrhenius kinetics formula (Eq. 3.5). This formula allows for the prediction
of tissue damage based on the time-temperature history of the tissue, providing a means
to estimate the extent of necrosis resulting from the HIFU treatment.

The simulation also includes considerations for heat transfer through free convection
and radiation to accurately capture the thermal effects within the tissue environment. Free
convection refers to the heat transfer that occurs due to the movement of fluid, in this case,
the interstitial fluid within the tissue, which can affect the overall temperature distribution.
Radiation, although typically less significant in biological tissues, is also accounted for to
ensure a comprehensive thermal model.

Moreover, the impact of blood perfusion on cooling the breast and tumor area is in-
tegrated into the simulation, as outlined in Eq. 3.3. Blood perfusion is a critical factor
in thermal simulations as it represents the cooling effect provided by the circulation of
blood, which can significantly influence the temperature dynamics within the tissue. The
properties of blood, such as its thermal conductivity and specific heat, along with the
blood perfusion rate and metabolic heat generation for each tissue type, are provided in
Table 3.1. These parameters are essential for accurately modeling the heat transfer and
ensuring that the simulation reflects the physiological conditions.

Table 3.1: Thermophysical and acoustic properties of different materials [14, , , ,

) ) ) ) ]

Materials 0 cp ky, c Qy Qumet Wh
(kgm3) (Jkg'K') (Wm'K?') (ms?) (dBm'MHz!) (Wm3) (s!)
FCG tissue 1050 3770 0.48 1470 87 700 0.0067
Transitional tissue 990 3270 0.345 1463.5 75 700 0.0067
Fatty tissue 930 2770 0.21 1457 48 700 0.0067
Tumor 1050 3852 0.54 1509 57 5790 0.005
Muscle 1100 3800 0.48 1588.4 109 5790 0.005
Water 997 4184 0.598 1480 0.22 - -
Blood 1050 3617 0.52 1540 20 - -

Fig. 3.6 illustrates the diverse boundary conditions considered for each of the mentioned
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Figure 3.6: Boundary conditions considered in different physics, (a) pressure acoustics and
(b) bioheat transfer.

physics. These boundary conditions include the interfaces between different tissue types,
the external surfaces of the breast phantom exposed to the environment, and any inter-
faces where convection and radiation are significant. By carefully defining these boundary
conditions, the simulation can more accurately represent the real-world scenario, providing
reliable predictions of thermal behavior and tissue damage.

In summary, the calculation of necrotic tissue fraction involves a detailed thermal anal-
ysis using the Arrhenius kinetics formula, consideration of heat transfer through convection
and radiation, and the impact of blood perfusion. By incorporating these factors and ac-
curately modeling the boundary conditions, the simulation provides a robust framework
for predicting the extent of thermal damage and the effectiveness of the HIFU treatment
in inducing necrosis within the targeted tissue.

As depicted in Fig. 3.6, the boundary conditions for the frequency domain pressure
acoustics physics involve considering a sound hard boundary for the water tank and trans-
ducer walls. This means that these boundaries are assumed to perfectly reflect sound
waves, without any penetration or transmission of acoustic energy. Such a condition is
appropriate for materials and surfaces that are much denser and more rigid compared to
the medium in which the sound is propagating, like the walls of a water tank or the solid
structure of a transducer.

Since the chest wall and other boundaries within the breast tissue are situated far
from the acoustic source (the transducer’s membrane), it is reasonable to assume them
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as sound hard boundaries as well. This assumption simplifies the modeling process by
treating these distant boundaries as reflective surfaces, ensuring that the acoustic energy
is contained within the primary region of interest where the tissue interaction occurs.

A sound-hard boundary refers to a boundary where the normal components of accel-
eration and velocity are both zero. In practical terms, this means that when an acoustic
wave encounters such a boundary, it is reflected back into the medium without any loss of
energy. This reflection is characterized by a phase reversal of the wave upon hitting the
boundary, which is crucial for accurately simulating the behavior of acoustic waves in a
confined space.

By applying these sound hard boundary conditions, the simulation ensures that the
acoustic waves are effectively confined and reflected within the intended domain. This
confinement is essential for accurately modeling the propagation and focusing of the ultra-
sonic waves, particularly in scenarios where precise control over wave behavior is necessary,
such as in HIFU treatments.

Furthermore, these boundary conditions help in maintaining the integrity of the acous-
tic field within the simulation, preventing unrealistic dispersion of energy that could occur
if more complex or less defined boundary conditions were used. The sound hard boundary
assumption thus provides a reliable and straightforward approach to simulate the interac-
tion of ultrasonic waves with various boundaries in the system, ensuring that the primary
focus remains on the targeted tissue region.

In summary, the boundary conditions for the frequency domain pressure acoustics
physics, as depicted in Fig. 3.6, involve the use of sound hard boundaries for the wa-
ter tank, transducer walls, chest wall, and other distant boundaries within the breast
tissue. This approach simplifies the modeling process while ensuring accurate reflection
and confinement of acoustic energy, which is critical for the precise simulation of ultrasonic
wave propagation in HIFU applications.

To apply the input pressure signal, the transducer’s membrane is assigned a normal
displacement boundary condition, with the previously mentioned input displacement am-
plitude set at 3.8 nm. This specific displacement amplitude ensures precise control over
the initial conditions of the acoustic wave propagation, allowing for accurate simulation of
the ultrasonic waves generated by the transducer.

For modeling heat transfer within the body, bioheat transfer physics plays a crucial role.
This modeling incorporates both heat flux and radiation from the skin to the surrounding
air as boundary conditions. Heat flux refers to the rate of heat transfer per unit area
across the skin surface, influenced by factors such as skin conductivity and the temperature
gradient between the skin and the environment. Radiation, on the other hand, accounts for

ol



the thermal energy emitted by the skin as infrared radiation, which can affect the overall
heat dissipation from the body.

To ensure realistic simulation conditions, the temperature across internal boundaries
within the body is assumed to be the normal human body temperature of 37°C. This
temperature is set as the temperature boundary condition, providing a stable reference
point for the thermal calculations. By maintaining this constant temperature at internal
boundaries, the model accurately reflects the thermal environment of the human body
under normal physiological conditions.

The equations corresponding to these boundary conditions are essential for defining the
heat transfer processes and are detailed in the reference provided by Wang et al. [168].
These equations form the mathematical foundation for the bioheat transfer model, incor-
porating factors such as thermal conductivity, specific heat capacity, and perfusion rates
of different tissues. By applying these equations, the simulation can accurately predict the
temperature distribution and thermal effects within the body during the HIFU treatment.

In summary, the application of the input pressure signal involves assigning a normal
displacement boundary condition to the transducer’s membrane with an amplitude of 3.8
nm. For heat transfer modeling within the body, bioheat transfer physics incorporates heat
flux and radiation from the skin to the surrounding air as boundary conditions. The internal
body temperature is assumed to be a constant 37°C, set as the temperature boundary
condition to ensure accuracy. The relevant equations for these boundary conditions are

provided by Wang et al. [168], forming the basis for the thermal simulations in this study.
Sound hard boundary (wall): — ﬁ.(—%(Vp —qq)) =0 (3.8)

Normal displacement: — ﬁ.(—%(Vp —qq)) = (iw)*dy (3.9)

Convective heat flux: — 7. ¢ = h(To — T) (3.10)

Surface to ambient radiation: — 7.7 = eosp(TL — T%) (3.11)

Temperature: 7" = 310.15K (3.12)
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The mentioned equations involve various critical variables that play distinct roles in ac-
curately modeling the physical phenomena under study. w represents the surface normal
vector. It is a vector that is perpendicular to a surface at a given point. In the context of
boundary conditions, 7 is used to define the direction of various physical quantities, such
as heat flux or acoustic waves, relative to the surface. p stands for density, a fundamental
property of materials that describes the mass per unit volume. In thermal and acoustic
simulations, p is crucial for calculating the propagation of waves and heat within different
media, as it influences inertia and energy storage. p represents total pressure. In acoustics,
p is essential for describing the pressure variations caused by sound waves. Accurate mod-
eling of p allows for the simulation of acoustic wave propagation and interactions within
the medium. ¢4 denotes the dipole domain source, which refers to a type of acoustic source
that generates sound by oscillating dipoles. It is used in simulations to model sources of
sound within the domain. dy is the displacement amplitude of the input pressure signal.
It defines the initial amplitude of the transducer’s membrane displacement, which in turn
affects the intensity and characteristics of the generated acoustic waves. ¢ represents the
heat transfer vector. It describes the rate and direction of heat flow within the material.
The vector ¢ is essential for determining how thermal energy is distributed and transferred
throughout the simulated domain. h stands for the heat convection coefficient. It quanti-
fies the rate of heat transfer between a solid surface and a fluid (such as air) in contact with
it. The coefficient h is critical for modeling convective heat transfer at the boundaries of
the domain. T, represents the ambient temperature, which is the temperature of the sur-
rounding environment. T, serves as a reference temperature for calculating heat exchange
between the body and its surroundings. 7' is the temperature within the domain. 7' is a
central variable in thermal simulations, as it describes the thermal state of the material
at any given point in space and time. € denotes the surface emissivity, a measure of how
effectively a surface emits thermal radiation compared to a perfect black body. € is crucial
for calculating radiative heat transfer from surfaces. ogp stands for the Stefan-Boltzmann
constant, a physical constant that describes the power radiated from a black body in terms
of its temperature. It is used in the equation for radiative heat transfer to quantify the
energy emitted by surfaces due to thermal radiation.

These variables collectively form the foundation of the equations used in the simula-
tion, enabling the accurate modeling of both acoustic and thermal phenomena. By un-
derstanding and appropriately applying these variables, the simulation can provide precise
predictions of wave propagation, heat distribution, and the overall behavior of the system
under study.

In this study, the heat convection coefficient between the breast skin and the surround-
ing air is assigned a value of 5 W/m?K. This value is chosen based on previous research
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findings [160, 38], ensuring accurate representation of the convective heat transfer occur-
ring at the skin-air interface. Convective heat transfer plays a significant role in cooling
the skin surface, influencing the overall temperature distribution within the breast tissue
during and after the HIFU treatment.

The ambient air temperature is assumed to be 293.15 K (20°C), a standard room
temperature often used in thermal simulations to provide a consistent reference point.
This assumption allows for a realistic modeling environment that reflects typical conditions
under which HIFU treatments might be performed.

The surface emissivity of the skin is considered to be 0.98, as supported by research [22].
Emissivity is a critical parameter in radiative heat transfer, determining how efficiently the
skin surface emits thermal radiation. A high emissivity value of 0.98 indicates that the skin
surface is nearly a perfect emitter of thermal radiation, which is essential for accurately
modeling the radiative cooling effects.

Detailed information about the properties of all the materials utilized in the study can
be found in Table 3.1. This table includes crucial thermal and physical properties such as
thermal conductivity, specific heat capacity, and density for each material involved in the
simulation. These properties are fundamental to the accurate modeling of heat transfer
processes within the breast tissue and surrounding environment.

By integrating these well-established parameters and properties into the simulation, the
study ensures a high level of accuracy and reliability in predicting the thermal behavior
of the breast tissue during HIFU treatment. This comprehensive approach allows for a
detailed analysis of the convective and radiative cooling mechanisms, providing valuable
insights into the effectiveness and safety of the HIF'U procedure.

The provided table contains various critical properties that are essential for accurately
modeling the thermal and acoustic behavior of tissues and materials involved in the simu-
lation. These properties include:

1. Density (p): This is the mass per unit volume of the material, measured in kilograms
per cubic meter (kg/m?). Density affects both the thermal and acoustic properties of the
tissue, influencing heat capacity, thermal conductivity, and the propagation of sound waves.

2. Specific Heat under Constant Pressure (C,): This represents the amount of heat
required to raise the temperature of one kilogram of the material by one degree Celsius
(J/kg-K). It is crucial for determining the thermal response of the tissue to the absorbed
acoustic energy.

3. Thermal Conductivity (k): Measured in watts per meter-kelvin (W/m-K), thermal
conductivity describes the ability of a material to conduct heat. Higher values indicate
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better heat conduction, which impacts the distribution of thermal energy within the tissue.

4. Speed of Sound (c¢): This is the speed at which sound waves propagate through
the material, measured in meters per second (m/s). The speed of sound is essential for
accurately simulating the propagation of acoustic waves in HIFU treatments.

5. Acoustic Attenuation Coefficient (a,): Measured in decibels per meter (dB/m), this
coefficient describes the loss of acoustic energy as sound waves travel through the material.
It is a crucial factor in determining the effective range and intensity of the acoustic waves.

6. Metabolic Heat Generation Rate (Qe;): This represents the rate at which metabolic
processes generate heat within the tissue, measured in watts per cubic meter (W/m?). It
is an important consideration for accurately modeling the baseline thermal state of the
tissue.

7. Blood Perfusion Rate (wp): Measured in cubic meters per second per cubic meter
of tissue (m®/s:m?), this rate describes the volumetric flow of blood through the tissue.
Blood perfusion significantly influences the cooling of the tissue and the overall thermal
response during HIFU treatment.

To assess the simulation outcomes, three cross-sectional planes were taken into account,
intersecting at the center of the tumor. These planes are depicted in Fig. 3.7 and consist
of the x-y, x-z, and y-z surfaces. Each plane provides a different perspective on the spatial
distribution of thermal and acoustic effects within the tissue.

1. X-Y Plane: This horizontal cross-section allows for the examination of the distribu-
tion of thermal and acoustic energy across the width and length of the tissue, providing
insights into how the energy propagates laterally.

2. X-7Z Plane: This vertical cross-section enables the analysis of the energy distribution
along the depth and height of the tissue. It is particularly useful for understanding the
penetration depth of the acoustic waves and the resulting thermal effects.

3. Y-Z Plane: This vertical cross-section, perpendicular to the x-z plane, provides
additional information on the distribution of energy along the other vertical axis, comple-
menting the insights gained from the x-z plane.

By examining these three cross-sectional planes, the simulation provides a comprehen-
sive view of the thermal and acoustic interactions within the tissue, allowing for a detailed
assessment of the HIFU treatment’s effectiveness and safety.
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Figure 3.7: Considered cut planes that pass through the center of the tumor.
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3.5 Physics-Informed Neural Network (PINN)

Training a deep learning algorithm to accurately identify a nonlinear mapping between
high-dimensional input and output data pairs is a challenging task due to the complexity
and variability of the data. Researchers have discovered that certain empirically validated
rules can guide the time-dependent dynamics within a predefined system, providing a
structured approach to learning complex patterns [156, 97, 58]. These rules, often derived
from the physical or theoretical properties of the system, serve as a form of prior knowledge
that can be integrated into the learning process.

By incorporating this underlying information as a regularization factor, we can con-
strain the solution space to a permissible domain during computations. This approach
helps to prevent overfitting, ensuring that the model remains robust and capable of gener-
alizing well to unseen data. The regularization process effectively reduces the complexity
of the model, making it more efficient and stable during training.

Integrating this structured information into a learning algorithm enhances the informa-
tive value of the data. This means that the algorithm can make better use of the available
data, extracting meaningful patterns and relationships that might be missed by a purely
data-driven approach. As a result, the algorithm can achieve optimized solutions that
are not only accurate but also aligned with the underlying principles of the system being
studied.

Moreover, incorporating such prior knowledge allows the algorithm to generalize well
even with limited training samples. This is particularly important in scenarios where
collecting large datasets is impractical or expensive. By leveraging the known dynamics
and constraints of the system, the algorithm can learn effectively from smaller datasets,
maintaining high performance and reliability [102, (].

In summary, the integration of empirically validated rules and structured information
as regularization factors in deep learning algorithms provides significant advantages. It
constrains the solution space, enhances the informative value of the data, and enables
the algorithm to achieve optimized and generalizable solutions, even with limited training
samples. This approach represents a powerful strategy for tackling the complexities of
high-dimensional, nonlinear mapping tasks.

Given the recent progress in physics-based deep learning techniques, a neural network
can be illustrated as depicted in Fig. 3.8. This neural network comprises several essential
components: an input layer, output layer, multiple hidden layers, and associated weights
and biases. Each layer is composed of neurons, which are the fundamental units that
process information by applying a series of mathematical operations.
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Figure 3.8: Diagram of PINN architecture for solving PDE. The input layer of the neural
network with spatial inputs and temporal. The output layer computes the solution of the
given PDE and embeds it into the loss function. PDE can have constraints such as initial
conditions and boundary conditions. By minimizing the loss function, PINN can generate
the solution with respect to the previous conditions.
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The input layer receives the high-dimensional data, representing the initial conditions
and parameters of the problem. The information then flows through the hidden layers,
where each neuron applies a weighted sum of its inputs, adds a bias, and passes the result
through an activation function. This process allows the network to learn complex, nonlinear
mappings from the input to the output. The output layer produces the final predictions,
which in this context, are the solutions to the partial differential equations (PDEs) being
studied.

This architecture has proven effective in handling PDEs and predicting their solutions.
By incorporating the given linear or nonlinear PDEs into the loss function, the neural
network can be trained to minimize the error between the predicted and true solutions.
The loss function is designed to account for initial conditions, boundary conditions, and
other constraints relevant to the problem. This integration ensures that the network’s
predictions adhere to the underlying physics governing the system.

Training this neural network to anticipate the behavior of a predetermined computa-
tional domain becomes feasible through the utilization of equations governed by specific
physics laws. For instance, the neural network can be trained using data generated from
the Navier-Stokes equations for fluid dynamics, Maxwell’s equations for electromagnetics,
or the Schrodinger equation for quantum mechanics. By embedding these equations into
the network’s framework, the model can learn to predict the system’s behavior accurately
under various conditions.

The ability to solve PDEs using neural networks offers several advantages. Traditional
numerical methods, such as finite element or finite difference methods, often require signifi-
cant computational resources and can be challenging to apply to complex, high-dimensional
problems. In contrast, physics-based neural networks can provide approximate solutions
more efficiently, especially once trained. Additionally, these models can generalize to new,
unseen scenarios, making them valuable for simulations and predictive modeling in various
scientific and engineering applications.

In summary, the neural network illustrated in Fig. 3.8 is designed to handle PDEs
by incorporating the equations into the loss function and considering relevant constraints.
This approach leverages recent advancements in physics-based deep learning to train the
network to predict the behavior of systems governed by specific physics laws. The architec-
ture’s ability to process complex, high-dimensional data and provide accurate, generalizable
solutions highlights its potential in solving challenging problems in science and engineering.

The deep learning configuration involves a sophisticated approach to modeling and
simulating the interactions of ultrasonic waves and heat transfer within a biological tissue
domain. The process begins with the transmission of waves from concave ultrasound trans-
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ducers. This transmission is modeled by solving the Helmholtz equation, which describes
the behavior of acoustic waves in a medium. The Helmholtz equation is particularly well-
suited for this purpose because it accounts for the wave-like properties of sound, including
reflection, refraction, and diffraction.

Once the Helmholtz equation is solved, the resulting wave field is used as the input for
the next stage in the simulation, which involves a PINN simulator. The PINN framework
leverages deep learning techniques while incorporating the governing physical laws directly
into the neural network’s structure. This approach ensures that the predictions made by
the neural network adhere to the underlying physics, leading to more accurate and reliable
results.

Subsequently, the predicted output from the first PINN simulator, which represents the
acoustic wave field, is utilized as an external heat source feature in the time-dependent bio-
heat transfer equation (tBHTE). The tBHTE describes how heat is generated, distributed,
and dissipated within biological tissues over time. By incorporating the acoustic wave field
as a heat source, the model can accurately simulate the thermal effects induced by the
ultrasonic waves.

This value, representing the heat generated by the ultrasonic waves, is then passed to a
second PINN structure that incorporates a 3D time-dependent bio-heat transfer equation
(3D tBHTE). This second PINN structure is designed to predict heat conduction within the
tissue, taking into account the three-dimensional nature of the problem. The inclusion of
3D tBHTE allows for a more detailed and accurate representation of the heat distribution
and transfer processes within the tissue.

As the second PINN structure processes the input data, it generates a comprehen-
sive temperature map within the tissue domain. This temperature map is crucial for
understanding the thermal dynamics and effects of the ultrasonic waves on the tissue. By
predicting the temperature distribution, the model can identify regions of the tissue that
experience significant heating, which is essential for applications such as HIFU treatments.

In summary, the deep learning configuration involves a multi-stage process where
acoustic waves transmitted from concave ultrasound transducers are modeled using the
Helmholtz equation and passed through a series of PINN simulators. The first PINN sim-
ulator predicts the wave field, which is used as a heat source in the tBHTE. The second
PINN simulator then uses this information to predict heat conduction and generate a de-
tailed temperature map within the tissue. This integrated approach leverages the strengths
of both deep learning and physics-based modeling to provide accurate simulations of the
thermal effects of ultrasonic waves in biological tissues.
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To create the plot illustrating wave propagation and the resulting heat map, the solu-
tion of PDEs using a PINN requires the careful setup of several key components. These
components ensure that the simulation accurately captures the physical phenomena and
produces reliable results. The temporal domain defines the time frame over which the sim-
ulation runs. It includes the start and end times and the time step size, which determines
the resolution of the temporal data. The spatial domain specifies the physical space in
which the simulation occurs. It includes the dimensions of the tissue or medium being
studied and the spatial resolution, which determines the granularity of the spatial data.
The Helmholtz equation is used to model the propagation of acoustic waves in the medium.
In the frequency domain, it accounts for the steady-state behavior of the waves. Setting
up this equation involves defining the wave frequency, the speed of sound in the medium,
and any sources or sinks of acoustic energy.

The tBHTE models the heat transfer within the tissue over time. It includes terms for
heat conduction, metabolic heat generation, and heat loss due to blood perfusion. Setting
up the tBHTE requires defining the thermal properties of the tissue, such as thermal
conductivity, specific heat capacity, and perfusion rates. Boundary conditions are essential
for solving PDEs as they define how the system interacts with its surroundings. For the
Helmholtz equation, boundary conditions might include sound-hard (reflective) or sound-
soft (absorptive) surfaces. For the tBHTE, boundary conditions could involve specifying
temperatures or heat fluxes at the tissue boundaries.

Initial conditions provide the starting values for the simulation. For the Helmholtz
equation, this could be the initial displacement or pressure field. For the tBHTE, it might
be the initial temperature distribution within the tissue. Hyperparameters are critical
settings that influence the performance and accuracy of the PINN. These include the
learning rate, the number of hidden layers and neurons in the neural network, the activation
functions, and the number of training iterations. Selecting appropriate hyperparameters
is crucial for ensuring that the PINN converges to an accurate solution.

Before the simulation can begin, it is necessary to collect and preprocess any empirical
data required to train the PINN. This might include experimental measurements of acoustic
wave propagation or temperature distributions within the tissue. The PINN is trained
by minimizing a loss function that incorporates the PDEs, initial conditions, boundary
conditions, and any available data. The loss function quantifies the difference between the
predicted and true solutions, guiding the network to learn the correct mappings.

Once the PINN has been trained and the simulation is complete, the results are post-
processed to generate the final plots. This involves extracting the predicted wave propa-
gation and temperature data, and visualizing them using appropriate plotting tools. The
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wave propagation plot shows how the acoustic waves move through the medium, while the
heat map illustrates the resulting temperature distribution within the tissue.

By meticulously setting up and integrating these components, the PINN can accurately
solve the Helmholtz and bio-heat transfer equations, providing a detailed and reliable
simulation of wave propagation and heat transfer in biological tissues. This approach
combines the power of deep learning with the rigor of physics-based modeling, enabling
the creation of insightful visualizations that enhance our understanding of these complex
processes.

Table 3.1 presents the necessary attributes for accurately simulating the temperature
increase caused by a concave ultrasound transducer. These attributes are critical for defin-
ing the behavior of the system and ensuring that the simulation reflects the real-world
physical phenomena. The table includes parameters associated with the tBHTE and the
external heat source (Qg, which collectively influence the thermal response of the tissue.

1. Thermal Properties of Tissues:
- Density (p): The mass per unit volume of the tissue, which affects how heat is stored and
transferred within the tissue.
- Specific Heat Capacity (C,): The amount of heat required to raise the temperature of
a unit mass of the tissue by one degree Celsius. This parameter influences the rate of
temperature change in response to the absorbed heat.
- Thermal Conductivity (k): The ability of the tissue to conduct heat. Higher thermal
conductivity means heat can spread more quickly through the tissue.

2. Blood Perfusion and Metabolic Heat Generation:
- Blood Perfusion Rate (wp): The rate at which blood flows through the tissue, which
contributes to the cooling effect as blood carries heat away from the heated region.
- Metabolic Heat Generation Rate (Q.e:): The rate at which the tissue generates heat
through metabolic processes, providing a baseline level of heat that must be accounted for
in the simulation.

3. Acoustic and Thermal Source Parameters:
- External Heat Source (Qg): The heat generated by the ultrasonic waves as they interact
with the tissue. This parameter is crucial for determining the initial heat input from the
ultrasound transducer.
- Acoustic Attenuation Coefficient (o, ): The rate at which the intensity of the ultrasound
waves decreases as they propagate through the tissue. This attenuation affects how much
acoustic energy is converted into heat.

4. Boundary and Initial Conditions:
- Boundary Conditions: Conditions that define the interaction of the tissue with its sur-
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roundings, such as convective heat loss at the skin surface or reflective acoustic boundaries.
- Initial Conditions: The starting temperature distribution and other initial state variables
within the tissue before the application of the ultrasound.

By incorporating these attributes, the simulation can accurately model the temperature
increase resulting from the ultrasound transducer. The thermal properties of the tissues
ensure that heat transfer is correctly represented, while the blood perfusion and metabolic
heat generation provide a realistic baseline for the tissue’s thermal state. The acoustic and
thermal source parameters determine how much heat is generated and how it spreads, and
the boundary and initial conditions ensure that the simulation starts with realistic settings
and interacts with its environment in a physically accurate manner.

In summary, Table 3.1 contains a comprehensive set of parameters essential for the sim-
ulation of temperature increase due to a concave ultrasound transducer. These parameters
enable the accurate modeling of the thermal effects within the tissue, providing valuable
insights into the efficacy and safety of ultrasound-based treatments.

Once the wave equation and constraints for creating a concave transducer are imple-
mented in the neural network (Eq. 3.1), the resulting value is utilized as the external
heat source in the subsequent thermal simulations. This initial step involves solving the
Helmholtz equation or a similar wave equation that models the behavior of the acoustic
waves generated by the concave ultrasound transducer. By accurately capturing the wave
propagation, reflection, and absorption characteristics, the neural network can determine
the precise distribution of acoustic energy within the tissue.

The value obtained from this wave equation simulation represents the acoustic energy
converted into heat, which is then used as the external heat source Qg in the bio-heat
transfer simulations. This integration allows the Physics-Informed Neural Network (PINN)
to simulate heat conduction within the tissue, taking into account all the relevant features
such as tissue properties, blood perfusion, and metabolic heat generation. The PINN
leverages this information to predict the spatial and temporal distribution of heat, ensuring
that the simulation reflects the real-world thermal dynamics.

Next, the time-dependent bio-heat transfer equation (tBHTE) is incorporated into the
neural network as the primary partial differential equation (PDE) to solve the problem
outlined in Eq. 3.3. The tBHTE describes how heat diffuses through the tissue over
time, considering conduction, perfusion, and metabolic heat generation. By embedding
the tBHTE into the neural network framework, the PINN can directly account for the
complex interactions between these factors.

Incorporating the tBHTE into the neural network involves defining the appropriate
boundary and initial conditions. Boundary conditions specify how the tissue exchanges
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heat with its surroundings, such as through convective and radiative heat losses at the skin
surface. Initial conditions provide the starting temperature distribution within the tissue,
setting the baseline for the thermal simulation.

The neural network then iteratively solves the tBHTE, adjusting its parameters to
minimize the loss function, which quantifies the difference between the predicted and ac-
tual temperature distributions. This process ensures that the neural network accurately
captures the thermal behavior of the tissue in response to the applied ultrasound energy.

By combining the wave equation and the tBHTE within the PINN framework, the
neural network can simulate the entire process from acoustic wave generation to heat
conduction and temperature rise within the tissue. This comprehensive approach allows
for a detailed analysis of the thermal effects induced by the concave ultrasound transducer,
providing valuable insights into the efficacy and safety of ultrasound-based treatments.

In summary, the integration of the wave equation and constraints for the concave trans-
ducer into the neural network provides the necessary external heat source for the thermal
simulations. The subsequent incorporation of the tBHTE as the primary PDE enables
the PINN to accurately model heat conduction within the tissue, considering all relevant
physiological and physical factors. This holistic simulation approach enhances our under-
standing of the thermal dynamics involved in ultrasound treatments, paving the way for
optimized and effective therapeutic applications.

Subsequently, our model incorporates the embedded equation within the neural net-
work, which consists of 9 hidden layers with 20 neurons in each layer, to forecast the output
of the associated tBHTE using spatial and temporal inputs. This deep architecture is de-
signed to capture the complex relationships and interactions between the input variables
and the resulting thermal distribution within the tissue.

The neural network receives spatial and temporal inputs, which include coordinates
within the tissue domain and the corresponding time points. These inputs allow the net-
work to learn how the temperature evolves over time and space in response to the heat
generated by the ultrasound transducer. The depth and width of the network, with 9
hidden layers and 20 neurons per layer, provide sufficient capacity to model the intricate
patterns of heat conduction and diffusion.

The training output of the neural network is responsible for simulating thermal conduc-
tion within a real-life bio-tissue domain. During training, the network adjusts its internal
parameters, such as weights and biases, to minimize the residuals of the PDEs. The resid-
ual is the difference between the left-hand side and right-hand side of the tBHTE, evaluated
at various points within the domain. By minimizing these residuals, the network ensures
that its predictions satisfy the governing equations as closely as possible.
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To approximate the solution of the PDE, the neural network employs a deep learn-
ing algorithm that iteratively refines its parameters. This optimization process involves
backpropagation and gradient descent, where the network calculates gradients of the loss
function (which measures the residuals) with respect to its parameters and updates them
to reduce the loss. Over many iterations, the network learns to accurately approximate
the temperature distribution resulting from the heat source.

The depicted neural network in Fig. 3.9 represents the architecture of the PINN utilized
in the proposed methodology. This figure illustrates the flow of data through the network,
from the input layer through the hidden layers to the output layer. Each neuron in the
hidden layers applies a nonlinear activation function to its inputs, enabling the network to
model nonlinear relationships inherent in the thermal conduction process.

By incorporating the embedded equation and leveraging the deep architecture of the
neural network, the model can effectively simulate the thermal behavior of bio-tissue un-
der ultrasound heating. This approach combines the strengths of traditional PDE-based
modeling with the flexibility and scalability of deep learning, resulting in a powerful tool
for predicting temperature distributions in complex biological systems.

In summary, the neural network with 9 hidden layers and 20 neurons per layer is de-
signed to forecast the output of the tBHTE using spatial and temporal inputs. The training
process minimizes the residuals of the PDE, ensuring accurate simulations of thermal con-
duction within bio-tissue. The architecture of the PINN, as shown in Fig. 3.9, exemplifies
the advanced methodology employed in this study to model the intricate thermal dynamics
induced by ultrasound treatment.

3.6 Finite Element Modeling

The FEM simulation utilizes quadratic Lagrange discretization for both the pressure acous-
tics and bioheat transfer phenomena. This discretization approach is chosen for its accu-
racy and ability to capture the complex behavior of acoustic waves and thermal conduction
within the simulated tissue. Quadratic Lagrange elements provide a higher-order approxi-
mation compared to linear elements, which is crucial for modeling the intricate variations
in pressure and temperature fields.

The simulations were performed on a high-performance computing system equipped
with an Intel Core i7-1065G7 Processor running at 1.5 GHz and 16 GB DDR4 RAM.
Despite the advanced hardware, each simulation took approximately 115 hours to com-
plete. The substantial computation time is primarily attributed to the pressure acoustics
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Figure 3.9: Diagram of PINN architecture for solving the 3D Helmholtz equation and
tBHTE to predict the temperature rise. The upper neural network with three spatial inputs
x, y, and z, and the pressure result p as the output value. The lower neural network takes
three previous spatial inputs as well as a temporal input, ¢, and produces the temperature
result, 7', as the output value. Other sections are PDE, initial conditions(IC) and boundary
conditions (BC). The last section represents the loss functions embedded with PDE, BC
and IC along with the training output 7. By minimizing the loss function, PINN can
generate the heat mao with respect to the previous conditions.
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simulation, which requires very fine meshes to accurately resolve the acoustic wave phe-
nomena. Fine meshes are necessary to capture the detailed wave interactions, reflections,
and absorptions that occur within the tissue and at its boundaries.

The computational demand is further intensified by the need to maintain stability and
accuracy over the entire simulation domain. The fine mesh density results in a large number
of elements and nodes, increasing the computational load and memory requirements. This
level of detail is essential for ensuring that the acoustic waves are accurately represented,
which directly impacts the subsequent bioheat transfer simulation.

The subsequent subsection will provide a detailed explanation of the required mesh
grids for each step mentioned. This includes the specific mesh densities and element types
used for both the pressure acoustics and bioheat transfer simulations. Proper meshing is
critical for achieving convergence and obtaining reliable results. The mesh grids must be
carefully designed to balance accuracy with computational efficiency, considering factors
such as element size, aspect ratio, and distribution.

The various boundary conditions considered for each of the mentioned physics can
be observed in Fig. 3.6. These boundary conditions play a vital role in defining how
the acoustic and thermal fields interact with the environment and with different tissue
interfaces. For instance, sound-hard and sound-soft boundaries are used in the pressure
acoustics simulation to model reflective and absorptive surfaces, respectively. In the bioheat
transfer simulation, boundary conditions such as convective heat transfer and radiation are
applied to simulate heat exchange with the surrounding air.

In summary, the FEM simulation employs quadratic Lagrange discretization for both
pressure acoustics and bioheat transfer, with simulations performed on a high-performance
computing system. The fine meshes required for accurate pressure acoustics simulation
significantly contribute to the computational time, which is approximately 115 hours per
simulation. The following subsection will delve into the specifics of the mesh grids used,
and Fig. 3.6 illustrates the various boundary conditions applied in the simulations.

3.6.1 Mesh Study

The mesh size plays a crucial role in accurately simulating the acoustic wave propagation
and the subsequent thermal effects within the tissue. In particular, the FEM simulation of
“pressure acoustics” requires significantly finer meshes compared to the simulation of “bio-
heat transfer.” This is because the acoustic waves, characterized by their high frequencies
and small wavelengths, necessitate a higher resolution to capture the detailed variations in
pressure fields accurately.
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For the “pressure acoustics” simulation, the fine meshes are essential to resolve the
intricate wave phenomena such as reflections, refractions, and diffractions that occur within
the tissue and at its boundaries. These phenomena are sensitive to the mesh size, and any
coarseness could lead to inaccuracies in the wave propagation model, potentially distorting
the simulation results. As a rule of thumb, the element size in the mesh should be a
small fraction of the acoustic wavelength to ensure that the wave is well-represented. This
requirement leads to a significantly higher number of elements and nodes, increasing the
computational load and memory requirements.

In contrast, the “bioheat transfer” simulation can be performed with relatively coarser
meshes. The thermal conduction process involves the diffusion of heat, which is a slower
and less oscillatory phenomenon compared to acoustic wave propagation. Therefore, the
temperature gradients within the tissue do not change as rapidly or require as high a
spatial resolution to model accurately. Coarser meshes are sufficient to capture the essential
features of heat diffusion and the resultant temperature distribution within the tissue.

Due to these differing requirements, two distinct sets of meshes have been utilized to
solve these two physics phenomena. For the pressure acoustics simulation, a fine mesh
with small element sizes is employed, ensuring that the acoustic waves are accurately
captured and modeled. This mesh must be carefully constructed to balance the need for
detail with computational feasibility, often necessitating advanced meshing techniques and
optimization strategies.

For the bioheat transfer simulation, a coarser mesh is utilized. This mesh still needs to
be sufficiently detailed to model the overall temperature distribution and thermal gradients
within the tissue accurately. However, it does not require the same level of refinement as
the pressure acoustics mesh, allowing for a reduction in computational complexity and
processing time.

The use of two distinct mesh sets allows the simulations to be optimized for each phys-
ical phenomenon, ensuring accuracy while managing computational resources efficiently.
This approach highlights the importance of tailored meshing strategies in multiphysics
simulations, where different processes may have vastly different spatial resolution require-
ments.

In summary, the FEM simulation employs fine meshes for pressure acoustics to capture
the high-frequency wave phenomena accurately, and coarser meshes for bioheat transfer
to model the slower thermal conduction processes. This dual-mesh strategy ensures that
both simulations are performed with the appropriate level of detail, optimizing accuracy
and computational efficiency.

In order to achieve precise solutions for the acoustic equations, a highly refined mesh
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set is employed for both the ARBP and the surrounding water. The maximum mesh size
used in these regions is A/4, where A represents the wavelength of the acoustic waves. This
fine mesh resolution is critical for accurately modeling the propagation and interaction of
acoustic waves, as it ensures that the waveforms are properly captured and any potential
distortions are minimized.

To further enhance the accuracy, particularly in areas where the acoustic phenomena
are most complex, such as within the tumor tissue, an even finer mesh with a maximum
mesh size of A\/8 is utilized. This level of refinement is necessary to accurately capture
the sharp pressure gradients that occur in the focal region, where the ultrasound waves
are concentrated. The finer mesh allows for a more detailed representation of the acoustic
pressure field, ensuring that the simulation can accurately predict the localized effects of
the ultrasound waves.

Moreover, the mesh refinement strategy is adaptive, varying based on the proximity to
the focal point of the acoustic waves. In regions close to the focal point, where the acoustic
intensity and pressure gradients are highest, finer meshes are employed to ensure that the
simulation accurately captures the detailed behavior of the waves. As one moves farther
away from the focal point, the pressure gradients tend to decrease, and the acoustic field
becomes less complex. In these regions, larger mesh sizes can be used without significantly
compromising the accuracy of the results. This adaptive meshing approach optimizes
computational resources by focusing the highest resolution where it is most needed, while
using coarser meshes in less critical areas.

This strategy not only ensures high accuracy in the critical regions of the simulation
but also improves computational efficiency. By employing finer meshes selectively, the
simulation can maintain a manageable computational load while still achieving precise
results. The use of larger meshes in less critical areas helps to reduce the overall number of
elements and nodes, thereby decreasing the computational time and memory requirements.

In summary, to achieve precise solutions for the acoustic equations, a highly refined
mesh set is used for the ARBP and surrounding water, with a maximum mesh size of
A/4. An even finer mesh with a maximum size of \/8 is utilized for the tumor tissue to
capture sharp pressure gradients accurately. The mesh size is adaptively varied based on
proximity to the focal point, using finer meshes in regions with high acoustic intensity and
larger meshes in less critical areas. This approach ensures high accuracy and computational
efficiency in the simulation.

In this research, multiple computational meshes were generated to ensure the accuracy
and reliability of the simulation results, particularly focusing on the pressure acoustics
phenomena. The primary goal was to achieve grid independence, a state where further
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refinement of the mesh does not significantly alter the results, indicating that the solution
is sufficiently accurate.

To assess grid independence, the maximum sound intensity magnitude at the focal point
was computed for each mesh configuration. This focal point is the critical region where the
ultrasound waves converge and generate the highest acoustic pressure. By comparing the
sound intensity magnitudes across different mesh densities, it was possible to determine
whether the simulations were stable and accurate or if further refinement was necessary.

The ideal number of grids was identified by striking a balance between computational
cost and simulation accuracy. Computational cost includes factors such as processing time,
memory usage, and overall computational resources required to perform the simulation.
Simulation accuracy is crucial for ensuring that the results are reliable and can be used to
predict real-world phenomena accurately.

The process involved generating increasingly finer meshes and observing the changes
in the simulation outcomes. If finer meshes did not yield any significant changes in the
simulation results, it indicated that the solution had reached grid independence. In such
cases, the most refined grid that achieved this state was selected. This approach ensures
that the simulation is both accurate and efficient, avoiding unnecessary computational
expense while maintaining high-quality results.

The outcomes of this mesh analysis for the “pressure acoustics” physics are depicted
in Fig. 3.10a. This figure illustrates the relationship between mesh refinement and the
resulting sound intensity magnitudes at the focal point. It shows how the results stabilize
as the mesh becomes finer, indicating the point at which further refinement does not lead
to significant improvements in accuracy.

This meticulous approach to mesh generation and analysis is critical for ensuring the
validity of the simulation. By carefully evaluating the impact of mesh size on the simulation
results, the research ensures that the conclusions drawn from the study are based on robust
and reliable data. The chosen mesh configuration reflects an optimal balance, providing
high accuracy without incurring excessive computational costs.

In summary, this research involved generating multiple computational meshes and com-
puting the maximum sound intensity magnitude at the focal point to assess grid indepen-
dence. The ideal number of grids was determined by balancing computational cost and
simulation accuracy. When finer meshes did not result in significant changes in the results,
the most refined grid was selected to achieve grid independence. The outcomes of this mesh
analysis for the pressure acoustics physics are illustrated in Fig. 3.10a, demonstrating the
stabilization of results with increasing mesh refinement. This approach ensures accurate
and efficient simulations, providing reliable data for further analysis and application.
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Figure 3.10: Grid independency test for each physics.

To achieve high precision in solving the bioheat transfer equations, significantly larger
meshes are necessary compared to those used for the pressure acoustics simulations. The
bioheat transfer equations describe the distribution and conduction of heat within the
biological tissue, and the thermal gradients involved are generally smoother and less steep
than the pressure gradients associated with acoustic waves. Therefore, larger mesh elements
can be used without compromising the accuracy of the thermal simulation.

To minimize the overall simulation time while maintaining accuracy, a distinct set of
meshes is employed specifically for the bioheat transfer physics. This approach allows for
optimized resource allocation, ensuring that the computational efforts are focused appro-
priately for each type of physical phenomenon being simulated. Using larger meshes for
the bioheat transfer simulations reduces the number of elements and nodes, thus lowering
the computational load and speeding up the simulation process.

Similar to the pressure acoustics case, multiple computational mesh samples are created
to address the bioheat transfer phenomenon. These samples are systematically refined
to evaluate their impact on the simulation results. The primary metric for assessing the
mesh quality and achieving grid independence in this context is the maximum temperature
attained at the focal point during the ablation process. This focal point is the area where
the ultrasonic energy is concentrated, leading to the highest temperatures and the most
significant thermal effects.
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By measuring the maximum temperature at the focal point across different mesh sam-
ples, researchers can determine whether the simulation results stabilize as the mesh is re-
fined. If the results show minimal changes with further mesh refinement, it indicates that
the solution has achieved grid independence, meaning that the mesh is sufficiently fine to
capture the essential thermal behavior without further increasing the computational cost.

The results of this grid independence analysis for the bioheat transfer physics are pre-
sented in Fig. 3.10b. This figure illustrates the relationship between mesh size and the
maximum temperature at the focal point, highlighting how the temperature readings con-
verge as the mesh becomes finer. It demonstrates the point at which further refinement
does not lead to significant improvements in accuracy, thereby confirming grid indepen-
dence.

By carefully conducting this mesh analysis, the research ensures that the bioheat trans-
fer simulations are both accurate and efficient. The selected mesh configuration strikes a
balance between precision and computational feasibility, providing reliable results without
unnecessary computational expense.

In summary, achieving high precision in solving bioheat transfer equations requires sig-
nificantly larger meshes than those used for pressure acoustics. To minimize simulation
time, a distinct set of meshes is employed for the bioheat transfer physics. Multiple com-
putational mesh samples are created, and the maximum temperature at the focal point
during ablation is measured to investigate grid independence. The results of this grid
independence analysis are presented in Fig. 3.10b, showing how the maximum tempera-
ture stabilizes with mesh refinement, confirming the achievement of grid independence and
ensuring accurate and efficient thermal simulations.

Fig. 3.10 demonstrates a convergence trend as the number of grids increases, showing
that the maximum intensity magnitude in the “pressure acoustics” simulations and the
maximum temperature in the “bioheat transfer” simulations reach a nearly constant level.
This indicates that further refinement of the mesh does not significantly alter the results,
confirming that grid independence has been achieved.

Table 3.2 provides a detailed comparison of numerical values and differences between
multiple simulated scenarios. This comparison is aimed at identifying the optimal mesh
configuration for both the “pressure acoustics” and “bioheat transfer” physics, balancing
accuracy with computational efficiency. By examining these scenarios, we can determine
the point at which additional computational resources do not yield significant improve-
ments in accuracy.

For the “pressure acoustics” simulations, it is observed that the maximum intensity
magnitude for scenarios 1.3 and 1.4 is significantly similar, as depicted in Fig. 3.10a and
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Table 3.2: Quantitative amounts and relative errors of different considered mesh cases for
each of the physics.

Pressure acoustic physic

Case Grid Numbers Maximum sound intensity magnitude (Wm2) % Relative error in comparison with the optimum case
1.1 178438795 5276891 -7.4711 %

1.2 359274873 5560187 -2.504 %

1.3 447531449 5702988 -

1.4 519592973 5702988 0.116 %

Bioheat transfer physic
Case Grid Numbers Maximum temperature generated at focal point (°C) % Relative error in comparison with the optimum case

2.1 1421843 62.90969 -3.788 %
2.2 1798417 64.14794 -1.895 %
2.3 2163212 65.05169 -0.512 %
2.4 2551674 65.38679 -

2.5 2939390 65.4274 0.062 %

detailed in Table 3.2. The negligible difference between these two scenarios indicates that
further mesh refinement beyond scenario 1.3 does not provide substantial benefits in terms
of accuracy. Therefore, to reduce computational costs without compromising the precision
of the simulation, scenario 1.3 is selected as the optimal mesh configuration for “pressure
acoustics”.

Similarly, for the “bioheat transfer” simulations, the maximum temperature generated
at the focal point for scenarios 2.4 and 2.5 is approximately equal, as shown in Fig. 3.10b
and Table 3.2. This convergence suggests that the mesh refinement level in scenario 2.4 is
sufficient to accurately capture the thermal dynamics within the tissue. Hence, scenario 2.4
is chosen as the optimal mesh configuration for the “bioheat transfer” physics, ensuring
accurate results while maintaining computational efficiency.

The selection of these optimal mesh scenarios is crucial for effective simulation. By
choosing scenario 1.3 for “pressure acoustics” and scenario 2.4 for “bioheat transfer”, the
research achieves a balance between high fidelity in the simulation results and manageable
computational demands. This approach ensures that the simulations are both accurate and
efficient, providing reliable data for further analysis and application in practical scenarios.

In summary, Fig. 3.10 illustrates that the maximum intensity magnitude and maximum
temperature at the focal point stabilize as the number of grids increases, indicating grid
independence. Table 3.2 compares multiple scenarios to identify the optimal mesh con-
figurations. Scenario 1.3 is selected for “pressure acoustics” and scenario 2.4 for “bioheat
transfer” based on the similarity of results in subsequent scenarios and the need to reduce
computational costs while maintaining accuracy. This careful selection process ensures the
effectiveness and efficiency of the simulations.
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Fig. 3.11a displays the optimal mesh design for the “pressure acoustics” physics, high-
lighting the intricate and finely detailed mesh necessary to accurately capture the behavior
of acoustic waves within the simulated domain. This optimal mesh configuration, as previ-
ously determined, strikes a balance between precision and computational efficiency, ensur-
ing that the simulations accurately reflect the pressure wave phenomena without incurring
excessive computational costs.

Similarly, Fig. 3.11c showcases the optimal mesh configuration for the “bioheat trans-
fer” physics. This mesh is designed to efficiently model the thermal conduction and heat
distribution within the tissue. Although coarser than the mesh used for pressure acous-
tics, it is sufficiently detailed to capture the essential thermal dynamics, ensuring accurate
temperature predictions while optimizing computational resources.

To provide a more comprehensible visualization of the individual mesh grids and to
observe the mesh grids generated for different tissue types, the meshed model is sliced and
presented in Fig. 3.11b and Fig. 3.11d for each respective physics. These sliced views offer
a clear perspective on how the meshes are structured within the different regions of the
tissue, illustrating the variation in mesh density and element size tailored to the specific
requirements of pressure acoustics and bioheat transfer simulations.

Fig. 3.11b presents a sliced view of the optimal mesh for pressure acoustics. This
detailed cross-section reveals the finer mesh elements concentrated around critical regions,
such as the focal point of the ultrasound waves, where high precision is essential to capture
the sharp pressure gradients. The gradual transition to coarser meshes away from the focal
point is also evident, demonstrating how the mesh adapts to different regions to maintain
accuracy while reducing unnecessary computational load.

Fig. 3.11d shows a sliced view of the optimal mesh for bioheat transfer. This visual-
ization highlights how the mesh is configured to represent various tissue types within the
domain. The mesh density is appropriately adjusted to ensure that thermal properties and
heat transfer characteristics are accurately modeled across different tissues. Areas with
high thermal gradients, such as regions near the heat source or the tumor, are meshed
more finely, whereas areas with more uniform temperature distributions utilize coarser
meshes.

These sliced views in Fig. 3.11b and Fig. 3.11d provide valuable insights into the
spatial distribution of mesh elements and how the mesh design caters to the specific needs
of each physics simulation. By examining these visualizations, one can appreciate the
meticulous approach taken to ensure that each region of the tissue is accurately represented,
contributing to the overall reliability and effectiveness of the simulations.

In summary, Fig. 3.11a and Fig. 3.11c display the optimal mesh designs for pressure
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Figure 3.11: Optimum grid generation considered for each physics. “Pressure acoustics”
physics: (a) whole geometry, (b) sliced magnified model. “Bioheat transfer” physics: (c)
whole geometry, (d) sliced magnified model.
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acoustics and bioheat transfer physics, respectively. The sliced views in Fig. 3.11b and
Fig. 3.11d offer a detailed visualization of the mesh grids, illustrating the tailored mesh
configurations for different tissue types and regions. These visualizations highlight the
careful balance between precision and computational efficiency achieved in the mesh design,
ensuring accurate and reliable simulation results.

3.7 Validation and Experiment

To ensure the accuracy and reliability of our simulation methods, we first undertake the
validation of the acoustic wave generation simulation, commonly referred to as the “pres-
sure acoustics” physics. This step is crucial for confirming that our simulation accurately
models the behavior of acoustic waves under the specified conditions. Subsequently, we
perform the validation of the heat transfer simulation, known as the “bioheat transfer”
physics. This validation is essential to ensure that our simulation correctly represents the
thermal dynamics and heat distribution within the biological tissue. Additionally, we inte-
grate experimental procedures to further substantiate the validity of our simulation results.
These two validation steps, along with the detailed experimental procedure, are thoroughly
presented and discussed in the following sections. This comprehensive approach allows us
to establish confidence in our simulation methods and their applicability to real-world
scenarios.

3.7.1 Experimental Procedure

To verify the accuracy of the utilized simulation, HIFU was implemented on bovine liver
tissue. In the ez vivo experiments, maintaining actual blood flow is not feasible, so the
blood perfusion effect is neglected in this experimental setup. Before HIFU irradiation,
the bovine liver tissue was degassed to remove dissolved gases that could lead to cavita-
tion and boiling. This degassing process involved placing the tissue in a vacuum chamber
to reduce the gas content, thus minimizing the risk of cavitation during the procedure.
After degassing, the tissue samples were placed in a degassed water bath maintained at
a physiological temperature of 37°C to mimic in vivo conditions. The HIFU transducer
was carefully calibrated and positioned to deliver focused ultrasound to the target areas
within the tissue samples. Temperature rise within the tissue was monitored using thermal
imaging and thermocouples strategically placed within the tissue. The experimental re-
sults, including temperature rise data, were then compared with simulation predictions to
validate the accuracy of the simulation model. This comprehensive approach ensures that
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the simulation accurately represents the thermal and acoustic behavior of the tissue under
HIFU treatment, thereby confirming the reliability of the model for practical applications.

3.7.2 Pressure Acoustics Phenomenon (Montienthong & Rat-
tanadecho Study [114])

To validate the initial stage of our simulation, we utilize the results obtained by Mon-
tienthong and Rattanadecho [111]. Their study employed a different breast model from
the ARBP model implemented in this study. Specifically, they conducted a 2D axisym-
metric simulation of HIFU in a cylindrical-shaped breast, which includes a sphere-shaped
tumor and a vessel passing through it [114]. The cylindrical breast model in their study
is composed of three distinct tissue types: fat, glands, and muscle, each with a cylindrical
configuration. This breast tissue is situated within a larger cylinder that represents the
surrounding water environment. The transducer used in their simulation is bowl-shaped
with a central hole and is also immersed in the water. In their research, two different ul-
trasound frequencies, 1 MHz and 1.5 MHz, are considered, along with two different tumor
sizes, 5 mm and 10 mm. These parameters are critical for analyzing the interaction of the
focused ultrasound waves with the breast tissue and tumor. By comparing our simulation
results with the findings from Montienthong and Rattanadecho’s study, we can effectively
validate the accuracy and robustness of our simulation model, ensuring that it reliably
mimics the complex interactions within the breast tissue during HIFU treatment.

To ensure consistency and comparability, we adopt the same initial and boundary con-
ditions as described in Montienthong and Rattanadecho’s study. Specifically, we simulate
the scenario involving a 1 MHz ultrasound frequency and a 5 mm tumor, which allows us
to directly compare our findings with theirs. In our simulation, we obtain the total acoustic
pressure field and the distribution of sound intensity magnitude within the breast tissue.
These parameters are crucial for understanding how the ultrasound waves propagate and
interact with the tissue and the embedded tumor.

To facilitate a quantitative comparison, we focus on two key metrics: the maximum total
acoustic pressure and the maximum sound intensity magnitude across the entire simulation
domain. These metrics provide a clear indication of the peak values that the tissue is
subjected to, which are critical for evaluating the efficacy and safety of the HIFU treatment.
By comparing these values with those reported in Montienthong and Rattanadecho’s study,
we can assess the accuracy and reliability of our simulation model.

The results of this comparative analysis are visually represented in Fig. 3.12, which
illustrates the maximum total acoustic pressure and the maximum sound intensity magni-
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Figure 3.12: Comparison of the maximum total acoustic pressure and the maximum sound
intensity magnitude obtained from our simulations (FEM and PINN) and the Montien-
thong & Rattanadecho’s simulation.

tude for both Montienthong and Rattanadecho’s simulation and our simulation. This plot
not only highlights the similarities and differences between the two studies but also under-
scores the validity of our simulation approach. Through this rigorous validation process,
we ensure that our simulation model is robust and capable of accurately replicating the
physical phenomena observed in real-world HIFU treatments.

It is apparent that there exist minor discrepancies between our simulation results and
those of Montienthong and Rattanadecho. These differences could be attributed to several
factors, including slight variations in model parameters, numerical methods, or computa-
tional precision. However, these small deviations can be considered acceptable within a
tolerable margin of error, typically encountered in complex simulation studies.

The observed discrepancies do not significantly impact the overall accuracy and relia-
bility of our simulation model. In fact, such variations are expected due to the inherent
complexities and approximations involved in simulating biological tissues and their inter-
actions with focused ultrasound. It is important to note that the primary trends and key
results, such as the distribution patterns of acoustic pressure and sound intensity magni-
tude, closely align with those reported by Montienthong and Rattanadecho.

Therefore, despite the minor differences, our simulation model effectively captures the
essential physical phenomena and provides a robust framework for further analysis and
application. These findings reinforce the validity of our approach and underscore the
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potential of our model to accurately simulate focused ultrasound treatments in breast
tissue, paving the way for future advancements and refinements in this field.

3.7.3 Heat Transfer Phenomenon (Montienthong & Rattanade-
cho Study [114])

To verify the accuracy of our bioheat transfer predictions, we compare our results with
the simulations conducted by Montienthong and Rattanadecho. We ensure consistency
by utilizing the same geometric configuration and operating conditions as those detailed
in their study. This involves replicating their setup to maintain the integrity of the com-
parison, ensuring that any observed differences or similarities are due to the simulation
methodologies rather than variations in the experimental conditions.

The temperature distributions predicted in the central region of the tumor (the focal
point) during the progression of the ablation process are depicted in Fig. 3.13. This figure
presents a side-by-side comparison of our results with those obtained by Montienthong and
Rattanadecho. The graphical representation highlights the temperature changes over time,
providing a clear visual correlation between the two studies.

It is evident from Fig. 3.13 that our present study aligns well with the findings of
Montienthong and Rattanadecho. The temperature profiles at the focal point exhibit
similar trends and magnitudes, indicating a good agreement between the two sets of results.
This alignment validates our bioheat transfer model, confirming its accuracy in predicting
the thermal effects of focused ultrasound ablation in biological tissues.

This comparison not only demonstrates the reliability of our simulation but also re-
inforces the robustness of our approach. By closely matching the established results of
Montienthong and Rattanadecho, we establish confidence in our model’s predictive capa-
bilities. This successful validation paves the way for further applications of our simulation
in optimizing focused ultrasound treatments and enhancing their efficacy in clinical set-
tings.

Table 3.3 presents the outcomes of a comprehensive comparative assessment performed
through relative error measurements. This analysis is centered on the evaluation of present
simulations, experimental data, and the findings reported by [1 14]. Specifically, it examines
three critical parameters: the highest overall acoustic pressure, the maximum magnitude
of sound intensity across the entire area, and the maximum temperature achieved at the
focal point during the ablation process. By employing relative error analysis, we are able to
quantify the discrepancies between the different sets of data. A detailed comparison of the
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Figure 3.13: Comparison of FEM and deep learning simulations, experimental results, and
Montienthong & Rattanadecho simulation plots of the temperature distribution in the focal
point during the time.
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results obtained from Montienthong & Rattanadecho with our own simulations reveals a
satisfactory level of agreement, as evidenced by the relative error values listed in Table 3.3.
This thorough assessment underscores the reliability of our simulation methods and their
consistency with both experimental results and previously published data.

Table 3.3: Comparison between our simulations results, experiment, and Montienthong &
Rattanadecho’s simulation results [114].

Montienthong &

Parameters FEM PINN Experiment Rattanadecho’s
(% error) (% error)  (%error) result
Maximum total acoustic 2.0026E7 1.9823E7 - 2.0228E7
pressure (Pa) (-2 %) (-2 %)
Maximum sound intensity  1.1678E8  1.156E8 - 1.1796E8
magnitude (Wm2) (-1 %) (-2 %)
Maximum Temperature (°C)  49.95 50 50.04 49.9

01%) (02%)  (0.28 %)
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Chapter 4

Deep Learning Method for HIFU
Pathway Scanning

4.1 Problem Description

The tumor overlaying skin is readily in touch with degassed water during HIFU therapy,
which is administered under spinal or general anesthesia with the patient resting in a prone
or supine posture. The use of degassed water ensures optimal acoustic coupling between
the HIFU transducer and the patient’s body, enhancing the efficiency of the ultrasound
waves in reaching the tumor. During the procedure, advanced imaging techniques, such as
US and MR imaging, are employed to precisely identify and select the tumor mass within
the target region. These imaging modalities provide high-resolution, real-time images that
allow for accurate delineation of the tumor boundaries [35].

The tumor lesion is made up of multiple two-dimensional (2-D) cross-slices, and the
shapes and sizes of the slices are seldom the same. Each cross-section of the tumor can vary
significantly in its geometry, presenting a challenge for treatment planning. To address this,
the tumor volume is often segmented into numerous cross-slices with interval distances
ranging from 5 to 10 mm, depending on the chosen therapy approach and the specific
characteristics of the tumor [I70]. This segmentation allows for a more targeted and
systematic treatment of the tumor.

Once the cross-slices are defined, the target locations within each slice are determined
based on the acquired images. These target locations are then subjected to focused ul-
trasound beams, which are precisely directed to ablate the tumor tissue. The process of
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Figure 4.1: Schematics of the problem description.

focusing the ultrasound beams on specific points within the tumor slices ensures that the
entire tumor volume is covered effectively. A therapeutic plan is meticulously developed
to ensure that the treatment is comprehensive, efficient, and minimally invasive to the sur-
rounding healthy tissue. This plan takes into account the need to cover the whole tumor
volume completely, execute the procedure rapidly, and minimize any potential damage to
normal tissues.

Fig. 4.1 illustrates the schematic of the HIFU surgery processes, providing a visual rep-
resentation of the key steps involved in the procedure. This figure highlights the integra-
tion of imaging, planning, and focused ultrasound delivery, demonstrating the coordinated
efforts required to achieve successful tumor ablation. The schematic serves as a valuable
reference for understanding the intricate process of HIFU therapy and the precision needed
to effectively treat tumor lesions.

The goals of this study were to propose a novel ML-based approach to significantly
reduce the treatment time and ensure that the build-up of normal tissue overheating is
considered, particularly when successive focal points are very close to each other. Over-
heating of normal tissue can lead to unwanted side effects and complications, making it
critical to manage and mitigate during HIFU therapy. To achieve these goals, the FEM
was employed to simulate a variety of treatment scenarios, allowing for detailed analysis
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and comparison of the resultant lesion shapes and sizes under different conditions.

In this study, the focus is on breast tumors, which are often located near vital organs
such as the heart, lungs, rib cage, and major blood vessels. This proximity to critical
structures presents additional challenges for treatment, as it requires precise targeting and
careful management to avoid damaging healthy tissues. However, the methods and findings
of this study are not limited to breast tumors alone and can be extended to other types of
tumors as well.

Breast tumors were selected as a model to test the Al-based HIFU optimization ap-
proach for several reasons. Firstly, breast cancer is of significant clinical importance, with
high prevalence and substantial impact on patient health and outcomes. Secondly, the
anatomical considerations of the breast, with its complex structure and proximity to vital
organs, make it a challenging and relevant area for developing advanced treatment tech-
niques. Thirdly, there is a strong need for non-invasive treatment options in breast cancer
therapy to improve patient comfort and reduce recovery times. Additionally, the complex-
ity of treatment planning for breast tumors, due to their variable size, shape, and location,
provides an excellent test case for the capabilities of Al-driven optimization.

Furthermore, advancements in breast cancer research have provided a robust foundation
of knowledge and data, which can be leveraged to develop and validate new treatment
approaches. The feasibility of experimental validation in breast cancer models, both in
vitro and in vivo, also supports the choice of breast tumors for this study. By focusing on
breast tumors, the study aims to demonstrate the effectiveness of the proposed ML-based
HIFU optimization approach and pave the way for its application to other types of tumors
in future research.

4.2 Image Processing Procedure

In the preoperative treatment process, detection of the exact tumor geometry is required to
set the most beneficial therapeutic plan and avoid any invasion of normal tissue. To obtain
precise information on the breast and tumor geometries, 2D MRI images of breast cancer
from four patients were used in this study (Fig. 4.2). Initially, comprehensive 3D MRI scans
of the breast were obtained for each patient. These scans provided a detailed volumetric
representation of the breast tissue, including the tumor regions. Using advanced image
processing algorithms, the tumor was segmented from the 3D MRI data. This involved
identifying the boundaries of the tumor within the 3D volume, which was achieved through
semantic segmentation techniques employing a convolutional neural network (CNN) [39].
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Figure 4.2: Segmented breast MRI of four patients.
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After segmentation, the 3D tumor volume was systematically sliced into multiple 2D
images. The slicing was done at regular intervals, every 5 mm, based on the resolution
and the specific anatomy of the tumor. These intervals were chosen to ensure that the
2D slices accurately represented the spatial characteristics of the tumor without significant
loss of information. The rationale for extracting 2D images from the 3D volume lies
in the computational efficiency and ease of analysis. Working with 2D slices allows for
the application of various image processing techniques and machine learning models that
are well-established for 2D data. Additionally, 2D images facilitate the visualization and
manual verification of tumor boundaries, which is crucial for accurate treatment planning.

According to the Helsinki Agreement, the whole study was thoroughly explained to
the patients. MRIs with and without contrast were performed on the Iran Breast Cancer
Society patients in Tehran, Iran. The contrast-enhanced MRIs helped in better delineation
of the tumor boundaries and provided additional information about the vascular structure
of the tumor, which is essential for accurate segmentation and treatment planning.

As mentioned earlier, the aim was to propose an optimal therapeutic plan based on
the unique geometry features of each patient’s tumor. The detailed 3D reconstruction
and subsequent 2D slicing allowed for a comprehensive analysis of the tumor’s spatial
characteristics. This detailed information was used to tailor the HIFU treatment plan for
each patient, ensuring that the entire tumor volume was targeted while minimizing the
exposure of surrounding healthy tissues. By utilizing advanced imaging and segmentation
techniques, this study aimed to enhance the precision and efficacy of HIFU therapy for
breast cancer, ultimately improving patient outcomes.

The CNN used for segmentation was trained on a comprehensive dataset of annotated
MRI images, which included high-contrast and non-high-contrast regions of breast cancer.
The training dataset was sourced from multiple medical institutions and included images
with varied contrast levels, anatomical variations, and different types of breast cancer to
ensure robustness and generalizability. This diversity in the dataset was crucial for the
model to learn and adapt to a wide range of imaging scenarios and tumor presentations.

The performance of the CNN was rigorously validated using a separate validation set,
which also included diverse MRI images to simulate real-world clinical conditions. Several
metrics were employed to evaluate the CNN’s performance, including accuracy, sensitiv-
ity, specificity, and the Dice coefficient. Accuracy measured the overall correctness of the
segmentation, sensitivity assessed the model’s ability to correctly identify tumor regions,
specificity evaluated its capacity to avoid false positives, and the Dice coefficient quan-
tified the overlap between the predicted and actual tumor regions. The model achieved
high scores across these metrics, indicating its reliability and effectiveness in accurately
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segmenting breast tumors.

To ensure the medical appropriateness of the enclosed areas, the segmented regions
produced by the CNN were meticulously reviewed by experienced radiologists. This review
process involved a detailed comparison of the CNN-generated segmentations against the
original MRI images. Radiologists checked for consistency in identifying tumor boundaries,
including challenging non-high-contrast regions where the differentiation between tumor
and normal tissue is less pronounced. This expert validation was essential to confirm that
the segmentation results were not only accurate but also clinically relevant and suitable
for guiding HIFU treatment planning.

Additionally, the review by radiologists provided an extra layer of quality assurance,
helping to identify and correct any potential segmentation errors made by the CNN. This
collaborative approach between Al and medical experts ensured that the final segmentation
outputs were robust and reliable, ultimately enhancing the precision of the preoperative
planning and the safety of the HIFU therapy. By combining advanced machine learning
techniques with expert medical oversight, this study aimed to push the boundaries of
current breast cancer treatment, leveraging technology to improve patient outcomes.

4.3 Deep Learning Computation

4.3.1 Model-Based Neural Network

Training a deep learning system to recognize a nonlinear map from high-dimensional data
pairs of inputs and outputs is a challenging task. Researchers have found that experi-
mentally established rules can be leveraged to regulate the time-dependent dynamics of
a predefined system [156, 97, 58]. These rules serve as an underlying data framework,
which can be utilized as a regularization factor. This regularization helps limit the space
of potential solutions to a field domain that is permissible in the desired calculations,
thereby ensuring that the model’s predictions remain physically plausible. By incorporat-
ing such structured data into the learning algorithm, the performance of the model can be
significantly enhanced. This enhancement occurs because the structured data boosts the
functional content of the data, enabling the learning algorithm to find the optimal solu-
tion with minimal training data. Furthermore, it aids in the model’s ability to generalize
effectively to new, unseen data [102, 6]. This approach not only improves the efficiency of
the training process but also enhances the robustness and accuracy of the deep learning
system in complex, real-world applications.
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Figure 4.3: Diagram of NN architecture for finding optimal HIFU pathway. The input
layer of the NN includes tumor’s spatial inputs. The output layer computes the solution
of the given model and embeds it into the loss function. By minimizing the loss function,
NN can generate the surgical plan with respect to the previous conditions.

Given the recent development in model-based deep learning techniques, the architecture
of a neural network can be illustrated with an input/output layer, hidden layers compris-
ing neurons, and the associated weights and biases, as depicted in Fig. 4.3. This neural
network design has demonstrated the capability to manage complex simulation models and
accurately predict solutions by incorporating both nonlinear and linear PDEs directly into
the solution process. Moreover, by treating the constraints of surgical HIFU procedures
as a loss function, the model ensures that the predictions are aligned with the specific
requirements of HIFU treatments. The inclusion of these PDEs allows the neural network
to learn and adapt to the intricacies of the problem domain, making it possible to pre-
dict the optimal presurgical HIFU plan effectively. This approach not only enhances the
precision of the model’s predictions but also streamlines the process of developing tailored
treatment plans, ensuring that the proposed solutions adhere to the stringent constraints
and criteria essential for successful HIFU surgeries. The combination of advanced deep
learning techniques and domain-specific knowledge embedded in the model exemplifies a
significant step forward in medical treatment planning and optimization.
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4.3.2 Deep Learning-Based Presurgical Plan

To properly cover a vast target zone with HIFU, many sonications are required. During
treatment, the HIFU transducer follows a predetermined path through the tissue, delivering
focused ultrasound energy to specific points. The treatment is transient, taking place at
discrete points within the tissue where the HIFU focus is directed. The total number
of sonications, denoted as N, typically falls within the tens. Each sonication’s length
determines the amount of energy delivered during a single sonication, denoted as t;, and
the duration of the subsequent cooling interval, denoted as t..

The cooling interval refers to the time period during which the HIFU device is paused
to allow the treated tissue to cool down. This interval is crucial to prevent overheating
and potential damage to the surrounding healthy tissue. Each sonication can therefore be
described as a 4-tuple S5;, consisting of two spatial coordinates of the beam focus, as well
as the sonication and cooling intervals ¢, and ¢.:

[ = (Sl,SQ, ...,SN),where Sl = (zi,ri,th,i,tm). (41)

As a result, the patient management problem involves determining the optimal loca-
tions and sonication periods for a specific number of ablations to effectively destroy the
target volume while minimizing damage to the surrounding healthy tissue. This involves
calculating the precise spatial coordinates where the ultrasound energy should be focused
and timing the sonication and cooling intervals to maximize treatment efficacy and safety.
By carefully planning these parameters, the HIFU treatment can be optimized to achieve
the desired therapeutic outcomes, ensuring that the targeted tissue is adequately treated
while sparing the adjacent healthy structures.

The NN thermal damage model generates a comprehensive spatial map of cumulative
equivalent minutes at 43 degrees Celsius (C'EM,3) that encompasses the entire treatment
region I. This map is essential for visualizing the extent of thermal damage caused by
the HIFU therapy. To delineate areas of damaged tissue, the C EM,3 map is subjected
to a thresholding process at a value of 240, creating a binary mask that clearly identifies
regions of thermal damage. In the evaluation of HIFU therapy’s effectiveness, it is crucial
to ensure that all tissue within the designated target zone is completely ablated, thereby
achieving the intended therapeutic outcome. Simultaneously, it is equally important to
safeguard the surrounding tissues outside the tumor, often referred to as the prohibited
region, ensuring they remain unaffected by the therapy. This precise control and distinction
between the treated and untreated areas are vital for both the efficacy and safety of the
HIFU treatment.
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The fitness functions for presurgical treatment planning problems can be formulated as
follows:

fi= /OZ /OR(U*D)drdz. (4.2)

foe /0 ’ /0 (0 Dyrde. (4.3)

B {0 for CEMjs < 240

, CcR", CeR". (4.4)
1 for CEM,3 > 240

In these equations, f; and fs represent the fitness functions designed to optimize the
treatment planning process. The variable C'is a function that determines whether a specific
region has been sufficiently heated during the HIFU treatment. Specifically, C' equals 0 if
the cumulative equivalent minutes at 43 degrees Celsius (C'EM,3) is less than or equal to
240, indicating insufficient thermal damage, and equals 1 if C'E' M3 exceeds 240, indicating
adequate thermal damage. Here, C and its complement C are real, non-negative functions

(RY).

The binary mask D represents the treated area, identifying the regions where the ther-
apy has been applied, while the complementary mask D represents the non-treated zones.

These masks are crucial for distinguishing between treated and untreated areas within the
spatial domain defined by Z (depth) and R (radius).

Because C' is expressed as a spatial function, it allows the user to specify the urgency
or priority with which different locations within the treatment area should be addressed
or protected. This capability is essential for optimizing the treatment plan, as it enables
the incorporation of two critical aspects into the fitness functions:

By finely tuning the shapes of the target (treated) and prohibited (non-treated) areas,
the treatment plan can be optimized to maximize therapeutic efficacy while minimizing
collateral damage. By introducing a gradient, the fitness function can effectively guide the
optimization process, directing it away from prohibited areas and towards desired treatment
regions. This gradient ensures a smooth and efficient prediction and optimization process.

The ultimate goal of these fitness functions is to maximize the efficacy of the treatment
by removing as much fitness capability as feasible from undesired areas, thereby enhancing
the overall quality and safety of the presurgical treatment plan.

To achieve an optimal presurgical plan, it is crucial to accurately define the target area
for the algorithm. The boundary points on each 2D slice of the tumor are represented by
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two coordinates, (z,7), which capture the geometric characteristics of that specific region.
These coordinates, along with the total number of sonications required, are fed into the
NN as input data.

During the training process, the NN computes the optimal thermal dose parameters,
which include the precise location, heating duration, and cooling times for the treatment.
The algorithm then moves to the next area and repeats this process. After determining
the treatment parameters for each region, the first fitness function (f;) is evaluated. If any
treated area lies outside the tumor, this function will yield a positive value, indicating an
error. Consequently, the location of the proposed treatment area is adjusted to ensure that
f1 returns to zero, thereby preventing the treatment from encroaching into and damaging
the prohibited area.

Once the treatment parameters are established for all designated areas, the algorithm
assesses whether the entire target area has been effectively treated. This is achieved by
examining the second fitness function (f). If any untreated regions remain, f, will have
a positive value. Conversely, if the entire target area is uniformly treated, the value of f,
will be zero. A positive value of fy indicates that the treated areas are too large to be
fully covered by a single sonication. Therefore, the entire process is repeated with different
sonication pathways to ensure comprehensive coverage of the target area.

This iterative loop continues until the entire target area is adequately treated. Each
proposed treatment plan is then evaluated using HIFU simulation to estimate the final loss
function, ensuring the plan’s effectiveness and safety. This algorithmic process is visually
depicted in Fig. 4.4.

The proposed deep learning method ingeniously integrates the fundamental principles
of physics with NNs to tackle the intricate challenges associated with HIFU presurgical
planning. By embedding numerical solutions of the governing physical laws directly into
the neural network’s loss function, this innovative approach allows the model to inherently
learn from the physics underlying the problem.

This methodology capitalizes on the NN’s exceptional ability to approximate complex
functions. By incorporating the physical laws into the training process, the model ensures
that the solutions it generates are not only accurate but also physically plausible. This
integration significantly reduces the need for extensive datasets, which are often difficult
and expensive to obtain. Consequently, the model’s reliance on large amounts of empirical
data is minimized, making it more efficient and practical for real-world applications.

Furthermore, by embedding the physical principles into the loss function, the model
enhances its generalizability. This means that the NN can perform well even on new, unseen
data, as it has learned the underlying physical behaviors rather than just memorizing
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Figure 4.4: Diagram of NN architecture for solving the 2D optimal pathway scanning to
predict the HIFU surgical plan. The first section is the NN with two spatial inputs z,r and
the total number of sonication N, and the HIFU pathway parameters as the output value.
The next two sections are acoustic and thermal analyses. The last section represents
the HIFU loss function embedded with the deep learning algorithm, with the training
sonication output. By minimizing the loss function, NN can generate the optimal HIFU
pathway with respect to the predefined constraints.

patterns from the training dataset. This improved generalizability is crucial for medical
applications like HIFU, where the ability to accurately predict and plan treatment across
diverse patient scenarios is essential for effective and safe outcomes.

In summary, this approach leverages the strengths of both deep learning and physical
modeling. It combines the predictive power of neural networks with the reliability and
accuracy of physics-based constraints, leading to a robust, efficient, and generalizable so-
lution for complex HIFU presurgical planning problems. This novel method represents a
significant advancement in the field, offering a more reliable and practical tool for medical
professionals in planning and optimizing HIFU treatments.

The NN architecture utilized in this study comprises 9 layers, each containing 20 neu-
rons. This specific architecture was meticulously chosen to strike a balance between com-
putational efficiency and the ability to capture complex nonlinear relationships within the
data. By selecting a moderate number of layers and neurons, the model maintains an ef-
fective balance, avoiding excessive computational demands while still being able to model
intricate patterns and interactions within the dataset.

For the hidden layers, the Rectified Linear Unit (ReLU) activation function was em-
ployed. ReLU is favored in deep learning due to its capability to mitigate the vanishing
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gradient problem, which often plagues deeper networks. Additionally, ReLU accelerates
convergence during the training process, allowing the network to learn more efficiently.

The neural network was trained using the Adam optimizer, a widely-used optimization
algorithm in machine learning known for its adaptive learning rate and efficient handling
of sparse gradients. The learning rate was set to 0.001, providing a balanced approach to
learning speed and stability. The chosen loss function was Mean Squared Error (MSE),
which is particularly suitable for regression tasks that involve continuous output variables,
ensuring that the network’s predictions are as close as possible to the actual values.

To ensure the model’s convergence, training was conducted for 100 epochs. This du-
ration was determined to be sufficient for the network to learn the underlying patterns
without overfitting. A batch size of 32 was used during training, balancing computational
efficiency with training stability, allowing for efficient gradient computation and weight
updates.

The total loss for the model is computed as the sum of two fitness functions, f; and fs.
This combined loss approach facilitates the simultaneous optimization of both parameters,
ensuring that the treatment plans are both effective and safe. The gradients of the total loss
with respect to the NN parameters are calculated using backpropagation, a fundamental
algorithm in neural network training. These gradients provide critical information on how
much each NN parameter needs to change to reduce the total loss.

By adjusting its parameters based on these gradients, the NN can effectively minimize
both f; and f;. This simultaneous optimization process ensures that the treatment plans
generated are not only accurate but also adhere to safety constraints, preventing damage
to non-targeted tissues. Moreover, the use of a neural network enables rapid optimization
and real-time adjustments in the treatment planning process, significantly enhancing the
efficiency and responsiveness of presurgical planning for HIFU treatments. This capability
is crucial in a clinical setting where timely and precise adjustments can significantly impact
patient outcomes.
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Chapter 5

HIFU Induced Lesion Segmentation

5.1 Problem Definition

Medical images play a crucial role as the primary source of information for surgical proce-
dures, especially in the context of noninvasive treatments. These images provide detailed
insights into the patient’s anatomy, allowing surgeons and medical professionals to plan and
execute procedures with precision. The objective is to fully automate the image processing
workflow, thereby establishing a reliable and accurate foundation for both diagnosis and
therapy. This automation not only enhances the speed and efficiency of medical procedures
but also reduces the potential for human error, ensuring more consistent and high-quality
outcomes.

In addition to medical images, other critical data, such as physiological signals, offer
real-time information about the patient’s current physical status. These signals, including
heart rate, blood pressure, and oxygen levels, provide a comprehensive view of the patient’s
health, enabling the medical team to make informed decisions during treatment.

The proposed image-guided HIFU treatment is meticulously performed under the close
supervision and approval of a physician. This ensures that every aspect of the procedure
is carefully monitored, with the physician making critical decisions based on the real-time
imaging and physiological data. The integration of advanced imaging techniques with
expert medical oversight aims to improve the effectiveness of the treatment, minimize
risks, and enhance patient outcomes.

Fig. 5.1 illustrates a comprehensive framework for intelligent theranostics, which inte-
grates advanced diagnostic and therapeutic processes to enhance patient care. The frame-
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work begins with smart diagnostics and planning processes that extract critical image infor-
mation from US devices. These devices capture detailed images of the patient’s anatomy,
providing essential data that is crucial for both diagnosing conditions and planning treat-
ments.

Once the image data is extracted, it is compiled into a global data set that encompasses
all relevant medical information. This data set serves as a centralized repository of patient-
specific information, including the anatomical details and any physiological parameters
that have been monitored. The global data set is then utilized to establish a personalized
treatment plan tailored to the specific needs of the patient. This ensures that the treatment
is not only effective but also optimized for the individual’s unique medical condition.

The next step in the framework involves the use of a HIFU transducer to treat the
target area identified during the diagnostic phase. The HIFU transducer delivers precise
therapeutic energy to the affected area, with the aim of achieving the desired therapeutic
outcome without the need for invasive procedures.

Throughout the therapy, medical imaging and physiological signs are continuously mon-
itored to track the progress and effectiveness of the treatment. This real-time monitoring is
critical for ensuring that the therapy is proceeding as planned and allows for any necessary
adjustments to be made promptly.

Moreover, to ensure the highest level of safety and efficacy, the entire process is su-
pervised by a physician. The doctor plays a crucial role in validating and monitoring all
the information throughout the therapy, making informed decisions based on the real-time
data. This oversight is essential for mitigating risks and ensuring that the treatment is
both safe and successful, ultimately leading to better patient outcomes.

Accurate preoperative image segmentation is essential to begin with the precise con-
touring of the intra-operative lesion, which forms the basis of a successful surgical proce-
dure. This process requires attention to both structural and sequence scales, each of which
plays a crucial role in ensuring the effectiveness of the treatment. The structural scale
involves capturing detailed information from the image itself, which includes the shapes
and boundaries of the tissues, while the sequence scale ensures that the spatial location of
these structures is accurately correlated across different stages of the procedure.

Intra-operative initialization relies heavily on the fusion of structural information with
accurate spatial location correlation. This means that the detailed structural data obtained
from the preoperative imaging must be seamlessly integrated with the location-specific
information to guide the intra-operative phase. By transferring this fused information
from the preoperative stage to the intra-operative stage, surgeons are equipped with a
comprehensive understanding of the lesion, which is critical for precise treatment.
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Figure 5.1: The proposed intelligent HIF'U therapeutical framework is applied in the image-
based HIFU diagnostic and treatment processing. The framework includes diagnosis and
treatment parts. In the diagnosis part, morphology and spatial information in preopera-
tive and intra-operative medical images can be accurately obtained and provided to the
treatment strategy.
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During the intra-operative stage, the fundamental therapeutic approach is based on
the abnormality information derived from advanced image processing techniques. This
information is pivotal in identifying the exact region that needs to be targeted during the
procedure. With the physician’s oversight and approval, the automatically determined
target region is then subjected to treatment, ensuring that the therapy is applied precisely
where it is needed.

However, the procedure also requires careful accident prevention and management
strategies. For instance, if the patient experiences discomfort and moves unexpectedly,
this can lead to unintended changes in the focus of the treatment, necessitating an im-
mediate pause in the procedure. To mitigate such risks, large-movement alerts are issued,
enabling the medical team to respond promptly to any changes that could compromise the
treatment’s accuracy.

The proposed intelligent HIFU treatment mode represents a significant advancement by
combining automated image data processing with results that are verified by a physician.
In this sophisticated approach, intra-operative lesion tracking becomes a critical component
of the HIFU surgery. Real-time ultrasound scanning is enhanced by employing an advanced
morphological active contour method, which continuously adjusts the contour of the lesion,
ensuring that the treatment remains accurately targeted.

Furthermore, the development of a pixel-wise segmentation model is crucial, as it al-
lows for the creation of a highly precise pixel-level tracking model. This model provides
physicians with incredibly accurate information during the HIFU surgery, which is essen-
tial for delivering effective treatment. Moreover, having such precise lesion information
enables real-time feedback that can be used to update and optimize the treatment plan for
subsequent sonications, thereby improving the overall outcome of the procedure.

5.2 B-Mode Imaging Simulation

5.2.1 Governing Equations

The complex behavior of acoustic wave propagation through a medium with spatially vary-
ing acoustic properties and classical thermoviscous absorption can be rigorously modeled
using a system of coupled partial differential equations. This mathematical framework
accounts for the nonlinear interactions between the waves and the medium, capturing the
intricacies of wave distortion, attenuation, and energy distribution as they traverse through
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different regions with varying acoustic impedances. Moreover, the incorporation of ther-
moviscous effects within these equations enables a more accurate representation of energy
losses due to both thermal conduction and viscous dissipation, making the model highly
effective in simulating real-world scenarios where such factors are significant. These cou-
pled partial differential equations thus provide a comprehensive tool for understanding and
predicting the behavior of acoustic waves in complex media [164].

ou 1
= F 1
o pOVp+ (5.1)
dp
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p=cy(p+d.Vpy+ A + 20y Y ). (5.3)

The acoustic field within a medium is comprehensively represented by several key vari-
ables, including pressure (p), particle velocity (u), particle displacement (d), and acoustic
density (p). These variables are all functions of both position (x) and time (t), reflecting the
dynamic nature of acoustic wave propagation. The medium through which the sound waves
travel is characterized by important physical parameters such as mass density (pg), sound
speed (cp), non-linearity parameter (B/A), and absorption coefficient (). Notably, these
parameters are not constant but can vary spatially, allowing for a more accurate modeling
of heterogeneous media where properties change from one region to another.

The relationship between pressure and density within this framework includes a loss
term that accounts for acoustic absorption, a critical factor in accurately simulating wave
propagation in real-world environments. This absorption is modeled by the term o ~ aw?,
where ay is the absorption coefficient pre-factor, with units of Np (rad/s)?m!, indicating its
dependence on both frequency and the material properties of the medium. The absorption
term ensures that the model captures the attenuation of the wave as it propagates, which
is essential for understanding energy loss due to mechanisms like thermal conduction and
viscous effects.

Additionally, the equations governing the acoustic field incorporate two linear source
terms: F' and M. The term F represents the input of body forces per unit mass, measured
in units of N kg (or equivalently m s2), which could correspond to external forces acting
on the medium. The term M, on the other hand, represents the time rate of mass input
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per unit volume, with units of kg m™ s, which could account for sources such as fluid
injection or other mass transfer processes within the medium.

These variables and parameters, when combined, contribute to a system of equations
that can be transformed into a specific form of the Westervelt equation. The Westervelt
equation is a fundamental nonlinear partial differential equation that describes the propa-
gation of finite amplitude sound waves in a thermoviscous medium, capturing the complex
interactions between wave propagation, absorption, and nonlinearity [76][109].
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In this context, the parameter 3 is defined as § = 1—1—%, where B and A are the coefficients
related to the nonlinearity of the medium. This parameter § is a crucial dimensionless
quantity that quantifies the degree of nonlinearity in the acoustic wave propagation. The
term B/A itself is known as the nonlinearity parameter of the medium, and it describes
the relationship between the amplitude of the wave and the resulting distortion due to
nonlinear effects. By adding 1 to half of this nonlinearity parameter, 5 effectively adjusts
the overall impact of nonlinearity on the wave, making it an important factor in the
equations governing nonlinear acoustic phenomena. This adjustment allows the model to
more accurately reflect the behavior of waves in media where nonlinearity plays a significant

role in the propagation dynamics.

5.2.2 k-space Method

In the field of acoustics, solving PDEs is essential for modeling wave propagation, and
several numerical methods are commonly employed for this purpose. The three primary
methods are the FDM, the FEM, and the boundary-element method. Each of these tech-
niques has its strengths and is widely used across various applications in acoustic modeling.

The FDM involves discretizing the spatial and temporal domains into a grid and ap-
proximating the derivatives in the PDEs using finite differences. This method is relatively
simple to implement and is effective for solving a wide range of problems, especially in
structured grids. The FEM, on the other hand, is based on discretizing the domain into
elements and using piecewise polynomial functions to approximate the solution. This ap-
proach is particularly advantageous for complex geometries and inhomogeneous materials,
where the flexibility in mesh design allows for more accurate modeling. The boundary-
element method is distinct in that it reduces the problem dimensionality by focusing on

99



the boundaries of the domain, making it highly efficient for problems involving infinite or
semi-infinite domains, such as radiation and scattering problems.

However, these traditional methods often face significant challenges when applied to
high-frequency or broadband wave problems in the time domain. Specifically, to accu-
rately capture the wave behavior, these methods require a large number of grid points per
wavelength and very small time steps. This requirement is necessary to minimize numer-
ical dispersion—an artifact that can distort the wave as it propagates through the grid.
The consequence of these stringent requirements is that simulations can become highly
inefficient and time-consuming, especially for large-scale or high-resolution problems.

To address these inefficiencies, alternative numerical techniques have been developed.
One such method is the pseudo-spectral (PS) method, which is an extension of the finite-
difference method. The PS method improves accuracy by using global basis functions, such
as trigonometric or polynomial functions, to represent the solution over the entire domain.
This approach can significantly reduce the number of grid points needed per wavelength,
thereby mitigating the issue of numerical dispersion and enhancing computational effi-
ciency.

Additionally, the k-space approach offers a powerful solution to the challenges posed
by time-stepping in high-frequency simulations. The k-space method modifies the stan-
dard finite-difference time-domain method by incorporating wavenumber-dependent correc-
tions, allowing for larger time steps without sacrificing accuracy. This approach effectively
addresses the issue of time-domain inefficiency, making it a valuable tool for simulating
broadband acoustic waves.

Together, the pseudo-spectral method and the k-space approach provide robust alterna-
tives to traditional numerical methods, enabling more efficient and accurate simulations of
high-frequency and broadband acoustic waves. These advanced techniques are particularly
useful in applications where precision and computational efficiency are critical, such as in
the design of acoustic devices, medical imaging, and environmental acoustics.

Linear interpolation is a straightforward technique used in basic FD schemes to estimate
the gradient of a field between grid points or mesh nodes. This method involves drawing a
straight line between two adjacent points and using this line to approximate the gradient,
making it a relatively simple and computationally inexpensive approach. However, the
accuracy of linear interpolation is limited by its assumption that the field varies linearly
between points, which may not be the case in more complex or rapidly changing fields.

To achieve a more accurate estimation of the gradient, higher-order interpolation meth-
ods can be employed. Instead of relying on a simple linear fit, these methods use higher-
order polynomials to approximate the field. By fitting a polynomial to more nodes sur-
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rounding the point of interest, the method can better capture the curvature and more ac-
curately represent the underlying field’s variation. The degree of the polynomial increases
with the number of nodes used, and as a result, the accuracy of the gradient estimation
improves. This approach allows for more precise calculations of derivatives, which are es-
sential in many applications where subtle variations in the field can significantly impact
the outcome of the simulation.

The PS method takes this concept a step further by employing a global rather than
local approach to gradient estimation. Instead of fitting a polynomial to a small number of
nodes, the PS method fits a Fourier series to all the data points in the domain. A Fourier
series represents the field as a sum of sinusoidal functions, each with a specific frequency,
amplitude, and phase. Because the Fourier series can capture both high and low-frequency
components of the field, it provides a highly accurate global approximation.

This global approach offers two major advantages. First, the use of the fast Fourier
transform (FFT) allows for the efficient computation of the Fourier coefficients. The FFT
is an algorithm that can quickly calculate the amplitudes of the sinusoidal components,
making the PS method computationally feasible even for large datasets. Second, the
sinusoidal basis functions used in the Fourier series require significantly fewer nodes per
wavelength to achieve the same accuracy as other methods. While traditional methods
might require six to ten nodes per wavelength to reduce numerical dispersion, the PS
method, with its sinusoidal basis, needs only two nodes per wavelength. This reduction in
the number of nodes directly translates into lower computational costs and memory usage,
making the PS method particularly advantageous for high-resolution simulations.

Overall, by fitting a Fourier series to the entire domain and leveraging the computa-
tional efficiency of the FF'T, the pseudo-spectral method provides a powerful and accurate
tool for gradient estimation and field approximation. This makes it particularly useful
in applications where precision and computational efficiency are critical, such as in fluid
dynamics, electromagnetics, and acoustic wave propagation [147, 162].

5.2.3 Numerical Simulation

The k-Wave simulation toolbox is a versatile and powerful set of functions designed to
simulate the time evolution of an acoustic wave field within various media, whether ho-
mogeneous or heterogeneous, and across multiple dimensions, including 1D, 2D, and 3D,
using the k-space method [163]. This method is particularly advantageous in modeling the
complex behavior of acoustic waves as it allows for accurate simulations over large time
steps without introducing significant numerical dispersion, which is often a challenge in
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conventional methods. The k-Wave toolbox is not only adept at simulating wave propa-
gation but also extends its capabilities to time reversal image reconstruction, a technique
commonly used in photoacoustic imaging and other applications.

In time reversal image reconstruction, the toolbox’s functions are utilized to estimate
the initial photoacoustic pressure distribution from data gathered over a measurement
surface, which can be either linear in 2D or planar in 3D. This process involves the backward
propagation of the recorded acoustic signals to reconstruct the image of the original pressure
source, enabling high-resolution imaging of structures within a medium. This is particularly
useful in medical imaging, where precise reconstruction of internal features is essential for
accurate diagnostics.

The toolbox also includes comprehensive geometry creation functions that allow users to
define both Cartesian- and grid-based geometries with ease. These functions can generate
a variety of shapes, such as circles, arcs, disks, spheres, shells, and balls, which are often
needed to model the boundaries or internal structures within the simulation domain. For
Cartesian-based geometries, the functions return the exact geometric coordinates of the
shape, enabling precise placement and manipulation within the simulation environment.
On the other hand, grid-based geometries are represented by a binary matrix, where 1s
indicate the presence of the shape and Os represent the absence, providing a straightforward
way to incorporate complex structures into the simulation grid.

In addition to these core functions, the k-Wave toolbox is equipped with a range of
utility functions that streamline various tasks essential for setting up and running simula-
tions. These utility functions include tools for grid creation, which help define the spatial
domain of the simulation; matrix smoothing, which can be used to reduce numerical arti-
facts and improve the stability of the simulation; and matrix interpolation, which allows
for the adjustment of data resolution. Furthermore, the toolbox provides functions for file
loading, enabling easy access to external data sources or previous simulation results, and
other general-purpose tasks that enhance the user experience and make the setup process
more efficient.

Overall, the k-Wave simulation toolbox offers a comprehensive suite of functions that
cater to a wide range of acoustic simulation needs, from wave field evolution and image
reconstruction to geometry creation and utility operations. Its flexibility and efficiency
make it a valuable tool for researchers and engineers working in fields such as acoustics,
medical imaging, and non-destructive testing.

The Matlab-based B-mode simulation model is a sophisticated tool designed to simulate
ultrasound imaging by leveraging the k-Wave toolbox, a powerful resource for acoustic wave
modeling. This model is particularly valuable as it allows for the customization of tissue
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parameters based on the specific anatomical characteristics of a patient, making it highly
adaptable and relevant for personalized medical applications. By adjusting the tissue
parameters within the model, users can create more accurate simulations that reflect the
unique properties of an individual’s tissues, leading to better diagnostic insights.

The underlying computational framework of this model employs a k-space pseudo-
spectral scheme, which is a key component in its ability to accurately simulate wave prop-
agation. In this scheme, spatial gradients are calculated using the Fourier collocation
spectral method, a technique that enables high precision by representing the spatial do-
main as a series of sinusoidal functions. This method is particularly effective for capturing
the details of wave interactions within the tissue, ensuring that even small-scale features
are accurately modeled.

Temporal gradients, on the other hand, are calculated using a k-space corrected finite
difference scheme. This innovative approach combines the accuracy of spectral methods
with the stability and simplicity of finite difference methods. The k-space correction allows
the scheme to maintain accuracy across a wide range of frequencies, and it is exact and
stable when applied to homogeneous media. For heterogeneous media, which are more
complex and varied in their acoustic properties, this scheme offers a significant advantage
by allowing for larger time steps without compromising accuracy. This is a crucial feature,
as it enables faster simulations while still providing results that are as precise as those
generated by conventional pseudo-spectral time-domain methods.

The simulation domain in this model is discretized into a grid, where each grid point
represents a specific location within the tissue. The resolution of this grid—both spatial
and temporal—is a critical factor in the accuracy of the simulation. To ensure that the
model produces reliable results, the spatial and temporal resolution are determined through
convergence testing. This process involves running simulations at various resolutions to
identify the point at which further increases in resolution no longer significantly improve
the accuracy of the results. By optimizing the resolution through convergence testing, the
model balances the need for precision with computational efficiency, making it a practical
tool for clinical and research applications.

Overall, the Matlab-based B-mode simulation model, with its integration of the k-Wave
toolbox and advanced computational techniques, provides a robust and flexible platform
for ultrasound imaging simulation. Its ability to customize tissue parameters, coupled
with the precision of its k-space pseudo-spectral scheme, makes it an invaluable resource
for simulating patient-specific ultrasound images with high accuracy and efficiency.
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5.3 Al-Assisted Lesion Segmentation

This section introduces a novel approach to pixel-wise semantic image segmentation specif-
ically tailored for the task of lesion segmentation within HIFU therapeutic framework. The
proposed model leverages advanced B-mode imaging techniques to achieve highly precise
and sensitive segmentation of lesions, ensuring that the process is not only accurate but
also capable of operating in real-time. This innovation is particularly significant in the con-
text of HIFU therapy, where the ability to precisely identify and target lesions is crucial for
effective treatment outcomes. The model’s design addresses the challenges of real-time pro-
cessing while maintaining a high level of accuracy, making it a robust solution for clinical
applications.

Fig. 5.2 presents the primary architecture and workflow of an advanced Al algorithm
rooted in a transformers-based model [143]. This framework is composed of two essential
components that work in tandem to achieve precise region-of-interest segmentation. The
first component focuses on the pre-processing of B-mode ultrasound images, which is a
critical step in preparing the data for subsequent analysis. Specifically, for each sonication,
two B-mode images are obtained and then subjected to a series of processing steps. These
steps include cropping the images based on prior knowledge of the sonication’s coordinates
to focus on the relevant area, resizing the cropped images to a standardized size of 224x224
pixels to ensure consistency, and calculating the before-after differences between the im-
ages to generate a three-channel input. This composite image, which encapsulates essential
spatial and temporal information, is then fed into the Swin-Unet model [125] for precise
segmentation of the region of interest. The Swin-Unet model, a sophisticated variant of
the U-Net architecture enhanced with transformer-based modules, is specifically designed
to handle the complex segmentation tasks required in this context. Further details on
the architecture and functioning of the Swin-Unet model, including its advantages in han-
dling medical imaging data, are provided in the following section, where the underlying
mechanisms and performance metrics are discussed in greater depth.

5.3.1 Swin-Unet

Swin-Unet is an advanced variant of the well-known U-Net architecture [113], designed
specifically to integrate the powerful capabilities of Swin-Transformers within the tradi-
tional encoder-decoder framework, enhanced by the use of skip connections [125]. This

fusion of technologies allows Swin-Unet to effectively capture and process hierarchical fea-
tures from medical images, which is critical for tasks like segmentation that require high
levels of precision and context-awareness.
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Figure 5.2: The integration of machine learning with ultrasound imaging involves pre-
processing of B-mode images taken before and after HIFU treatment by clipping them
to a predetermined surgical region. The images are then resized to 224x224 gray-scale
resolutions and concatenated with their pixel-wise difference to form a three-channel image
that is fed to the Swin-Unet model, which outputs the segmented region of the HIFU
ablation.
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At the heart of this architecture lies the Swin-Transformer block, which is a sophis-
ticated hierarchical structure that applies a series of operations to the feature map in
a multi-scale, recursive manner. This multi-scale processing enables the model to cap-
ture details at varying levels of granularity, which is essential for accurately segmenting
complex structures such as lesions in medical images. As depicted in Fig. 5.2, the Swin-
Transformer block employed in this model comprises five key operations: the windowed
multi-head self-attention module (W-MSA), the shifted window multi-head self-attention
mechanism (SW-MSA), a pair of feed-forward layers (MLP) activated by the GELU func-
tion [62], and Layer Normalization (LN) [11]. Each of these components plays a crucial
role in enhancing the model’s ability to focus on relevant features and maintain stability
during training.

The W-MSA module allows the model to perform self-attention within fixed windows of
the image, focusing on local regions, while the SW-MSA extends this capability by shifting
the windows, enabling the model to achieve a global understanding of the image without
the computational burden of full self-attention. This strategic combination ensures that
Swin-Unet can effectively balance local detail and global context, which is particularly
advantageous in medical imaging where both fine details and broader patterns are critical.

The feed-forward layers (MLP), which consist of linear transformations followed by
RELU activation, further refine the output of the attention mechanisms by applying non-
linear transformations, adding depth and complexity to the model’s decision-making pro-
cess. These layers are followed by Layer Normalization, which helps stabilize the training
process by normalizing the inputs to each layer, thereby improving convergence rates and
overall performance.

Moreover, the encoder-decoder structure of Swin-Unet is built upon a series of down-
sampling and up-sampling operations that modify the spatial resolution of the feature
maps, enabling the model to capture and integrate features at different scales. Down-
sampling reduces the spatial dimensions by a factor of two, allowing the model to focus
on broader patterns, while up-sampling restores the original resolution, enabling precise
localization. These operations are crucial for ensuring that the model can segment lesions
at multiple levels of detail, from coarse to fine, which is vital for accurate diagnosis and
treatment planning.

For instance, with an input image size of 2242243 and a patch size of 44, the encoder
initially processes non-overlapping patches of size W/4H /43, corresponding to 565648 for
the given input resolution. The first stage of the encoder involves a linear embedding mod-
ule that projects these input patches into a higher-dimensional space, defined by dimension
C, which is then processed by the subsequent Swin blocks. The processing within each
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Swin block follows the formulation:

20 = 20-D) 4 MHSelfAttn(2¢ + FEN(z¢-D)) (5.5)

where z(!~1) represents the input to the I-th block, and MHSelfAttn and FFN denote
the shifted window multi-head self-attention mechanism and the feed-forward network,
respectively. This formulation highlights the recursive nature of the architecture, where
each block refines the feature representation before passing it to the next stage.

Finally, Swin-Unet employs the same self-attention mechanism as the original Swin-
Transformers [95], where the attention function is computed as:

QKT
Vd

In this equation, ), K, and V are the query, key, and value matrices, respectively, and B
represents the bias matrix, which is constructed according to the specifications detailed in
ref. [21]. This attention mechanism is central to the model’s ability to selectively focus
on different parts of the image, ensuring that the most relevant features are emphasized
during the segmentation process. By combining these sophisticated components, Swin-
Unet offers a powerful tool for medical image segmentation, capable of delivering high
levels of accuracy and sensitivity required for clinical applications.

Attention(Q, K, V) = SoftMax( + B)V (5.6)

The Swin blocks within the encoder stage of Swin-Unet are followed by a critical com-
ponent known as the patch merging block. This block plays a vital role in reducing the
spatial resolution of the feature maps by merging each set of 22 neighboring patches through
concatenation of their features. As a result, the feature resolution is effectively reduced
by a factor of two after each patch merging block, thereby enabling the model to focus
on more abstract, higher-level features as it progresses deeper into the network. This re-
duction in resolution is essential for capturing global context, which is crucial for accurate
segmentation in complex medical imaging tasks.

To seamlessly connect the encoder and decoder stages, Swin-Unet adopts a strategy
similar to that of the vanilla U-Net architecture by introducing a bottleneck layer. This
bottleneck is constructed by incorporating two consecutive Swin blocks that maintain both
the feature dimensionality and resolution unchanged. The purpose of the bottleneck is to
act as a bridge that allows the model to capture deep, abstract features at the lowest
resolution before the decoder begins the process of reconstructing the image to its original
resolution. By maintaining the same dimensionality and resolution, the model preserves
the integrity of the learned features while transitioning from the encoder to the decoder.
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In the decoder stage of Swin-Unet, the architecture mirrors the symmetrical structure
of the encoder, ensuring a consistent flow of information as the model reconstructs the
high-resolution output. Similar to the encoder, Swin blocks are employed in the decoder
to extract deep abstract features. However, instead of the patch merging layers used in
the encoder, the decoder introduces patch expanding blocks. These blocks are designed to
reverse the down-sampling process by increasing the resolution of the feature maps through
an up-sampling operation. Specifically, the patch expanding layer reconfigures the feature
maps from adjacent dimensions into a higher resolution output, effectively doubling the
spatial resolution while reducing the feature dimensionality by half. This operation is
crucial for reconstructing the fine details of the original image.

To illustrate, consider the first patch expanding layer, where the input features are
initially subjected to a linear layer transformation that doubles the feature dimension. This
transformation is followed by a rearrange operation that increases the spatial resolution
of the input features to twice their original size while simultaneously reducing the feature
dimension to one-fourth of the original input dimension. This meticulous reconfiguration
ensures that the model can effectively recover the high-resolution details necessary for
precise segmentation.

A key feature of Swin-Unet is its use of skip connections, which are established between
corresponding Swin blocks in the encoder and decoder stages. These skip connections are
instrumental in preserving the spatial information and enabling the fusion of information
from both shallow and deep features. By directly connecting the encoder’s shallow layers to
the corresponding decoder layers, the model ensures that high-resolution details captured
in the early stages are retained throughout the network. This approach prevents the loss of
critical information that could occur due to the down-sampling process and the merging of
blocks, thereby enhancing the overall accuracy and robustness of the segmentation results.

In summary, the architecture of Swin-Unet is carefully designed to balance the extrac-
tion of deep, abstract features with the preservation of fine details, making it an effective
tool for medical image segmentation tasks. The combination of Swin blocks, patch merg-
ing, and patch expanding layers, along with the strategic use of skip connections, allows
Swin-Unet to achieve high levels of precision and sensitivity, which are essential for clinical
applications.

5.3.2 Training Procedure

During the training phase of the Swin-Unet neural network, the model’s parameters are
fine-tuned using a carefully curated set of masks that have been meticulously labeled by
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human experts. These masks serve as ground truth references, guiding the network in
learning how to accurately segment lesions or other regions of interest in medical images.
The training process begins with a series of essential preprocessing steps applied to the
input images. These steps include cropping the images to focus on relevant areas, resizing
them to a standardized resolution to ensure consistency across the dataset, and normal-
izing the pixel values to stabilize the training process. Additionally, data augmentation
techniques such as horizontal and vertical flipping, along with affine transformations, are
employed. These augmentations are crucial for enhancing the model’s robustness by expos-
ing it to a wider variety of scenarios, thereby reducing the risk of overfitting and ensuring
that the model can generalize well to unseen data.

To optimize the Swin-Unet model’s weight parameters, a sophisticated loss function is
employed. This function is a linear combination of Binary Cross Entropy (BCE) and Soft
Dice Loss, two powerful metrics that together ensure the model achieves high segmentation
accuracy and per-pixel precision. The Binary Cross Entropy component measures the
discrepancy between the predicted probability and the actual label on a per-pixel basis,
making it particularly effective for handling imbalanced datasets where some classes may
dominate. On the other hand, the Soft Dice Loss is designed to optimize the overlap
between the predicted segmentation and the ground truth, making it sensitive to small
segmentation errors that could be critical in medical imaging. By combining these two
loss functions, the training process not only improves segmentation accuracy but also
enhances the model’s ability to generalize across different data distributions, which is vital
for clinical applications. Furthermore, this combined loss function provides robustness
against adversarial attacks, ensuring that the model maintains its performance even when
confronted with challenging or corrupted inputs.

In addition to the loss function, several other hyperparameters and training settings
are carefully configured to optimize the model’s performance. A learning rate of 2e-4 is
selected to control the speed at which the model’s parameters are updated during train-
ing, striking a balance between convergence speed and stability. The batch size is set to
8, allowing the model to process multiple images simultaneously, which enhances compu-
tational efficiency and ensures that the gradients are averaged over a sufficient number
of samples. To further refine the learning process, a ReduceLROnPlateau scheduler is
employed. This scheduler dynamically adjusts the learning rate by reducing it when the
model’s performance plateaus, thereby preventing the model from getting stuck in local
minima and ensuring continued progress towards optimal performance.

The training process is set to run for a maximum of 200 epochs, providing ample
opportunity for the model to learn the intricate patterns present in the data while also
allowing for early stopping if convergence is achieved before reaching the maximum number
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of epochs. The AdamW optimizer is chosen for its ability to handle sparse gradients on
noisy data, making it well-suited for the complexities of medical image segmentation. This
optimizer is a variant of the traditional Adam optimizer, with an added mechanism for
weight decay, which helps prevent overfitting by penalizing large weights.

The entire training process is implemented using the PyTorch library, a powerful and
flexible deep learning framework that facilitates efficient model development and experi-
mentation. The model is trained on a single NVIDIA RTX 3080Ti GPU, which provides
the computational power necessary to handle the large datasets and complex operations in-
volved in Swin-Unet training. The GPU’s 16GB memory ensures that even high-resolution
images can be processed without running into memory constraints, allowing for smooth
and efficient training.

In summary, the training phase of Swin-Unet involves a comprehensive and meticulously
designed process that combines advanced preprocessing, data augmentation, loss functions,
and optimization techniques. These elements work together to create a model that is not
only highly accurate and precise in its segmentation tasks but also robust and generalizable
across different data distributions, making it an invaluable tool in the field of medical
imaging.
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Chapter 6

Results and Discussions

6.1 PINN Simulation

In this section, we present a comprehensive analysis of the outcomes derived from various
simulated physical processes, which are organized into distinct subsections for clarity and
depth of understanding. We begin by showcasing the field of total acoustic pressure, which
provides insight into how sound waves propagate and interact within the modeled domain.
This is followed by a detailed examination of the distribution of sound intensity magnitude,
highlighting the regions within the domain that experience varying levels of acoustic energy
concentration. These visualizations are crucial for understanding the acoustic environment
and its potential effects on the tissue.

Subsequently, we delve into the thermal response of the breast model, specifically fo-
cusing on the distribution of temperature resulting from the absorption of acoustic energy.
This analysis allows us to observe how the absorbed energy translates into heat within the
tissue, providing a basis for understanding the thermal dynamics at play. The temper-
ature distribution maps offer critical insights into the areas that are likely to experience
significant heating, which is a key factor in the therapeutic effectiveness of the procedure.

Finally, we assess the biological impact of the increased temperature by presenting the
extent of necrotized tissue. This section includes a detailed evaluation of the amount of
both tumor and healthy breast tissue that undergoes necrosis due to the thermal effects. By
quantifying the tissue damage, we can evaluate the precision and efficacy of the treatment
in targeting the tumor while minimizing collateral damage to surrounding healthy tissue.
This comprehensive analysis provides a holistic view of the simulated physical processes,
offering valuable insights into the potential clinical outcomes of the procedure.
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6.1.1 Acoustic Field Generation

As previously mentioned, an attempt is made to generate a concentrated ultrasonic wave
at the tumor site using a bowl-shaped acoustic transducer operating at a frequency of
1.1 MHz. Fig. 6.1 displays the contours of total acoustic pressure and sound intensity
magnitude, respectively. These contours depict the three cut planes (1 to 3) which include
the x-y, z-y, and x-z surfaces passing through the center of the tumor.

To provide a clearer depiction of the acoustic physics simulation outcomes, Fig. 6.2
and 6.3 illustrate the distribution of acoustic pressure and intensity magnitude along var-
ious x, y, and z directions, with the z-direction specifically aligned with the propagation
of the acoustic wave. This directional analysis allows for a detailed understanding of how
the acoustic waves interact with the tissue, particularly in the critical z-direction, which is
aligned with the focused energy delivery.

As shown in Fig. 6.2, the pressure amplitude is notably higher at the tumor site. This
increase is a direct consequence of the focused acoustic waves, which are designed to concen-
trate energy within the tumor. The result is a significant enhancement in sound intensity
and, consequently, higher energy deposition within the tumor region. This concentration
of energy is crucial for effective treatment, as it ensures that the maximum therapeutic
effect is localized to the target area, minimizing exposure to surrounding healthy tissues.

Fig. 6.3 further emphasizes this phenomenon by highlighting a prominent peak in sound
intensity within the tumor. This peak indicates that the acoustic waves are effectively
focused, leading to rapid heat generation as the intense acoustic power dissipates within
the tissue. The high sound intensity directly correlates with increased thermal effects,
which are essential for inducing the desired necrotic effect on the tumor.

Following the simulation of pressure acoustics, it is imperative to simulate the bioheat
transfer physics to accurately quantify the heat generated and the resulting temperature
rise in the tumor region. This step is crucial for understanding the thermal dynamics that
result from the acoustic energy deposition. The outcomes of this bioheat transfer simula-
tion, which provide insights into the thermal effects on the tumor and surrounding tissue,
are presented in the next subsection. These results will further elucidate the effectiveness
of the acoustic treatment in achieving the desired thermal outcomes for tumor ablation.

6.1.2 Temperature Distribution

The focused ultrasonic wave generates heat in the targeted area, leading to a temperature
increase, as depicted in Fig. 6.4 (a to f) after 1 second across various cut planes. This
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Figure 6.1: Total acoustic pressure field, (a) FEM cut plane 1, (b) FEM cut plane 2, (c)
FEM cut plane 3, (d) PINN cut plane 1, (e) PINN cut plane 2, (f) PINN cut plane 3.
Sound intensity magnitude (Wm™), (g) FEM cut plane 1, (h) FEM cut plane 2, (i) FEM
cut plane 3, (j) PINN cut plane 1, (k) PINN cut plane 2, (1) PINN cut plane 3.
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Figure 6.2: Absolute pressure distribution along lines passing through the tumor’s center
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Figure 6.3: Sound intensity magnitude distribution along lines passing through the tumor’s
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heat generation is a direct result of the concentrated acoustic energy being absorbed by the
tissue, which in turn elevates the local temperature. To provide a clearer understanding
of the temperature distribution within the tumor, Fig. 6.5 presents detailed temperature
plots along lines that pass through the tumor’s center in different directions. These plots
allow for a precise visualization of how the temperature varies within the tumor, offering
insights into the spatial temperature gradients that develop during the exposure.

By comparing the temperature distribution shown in Fig. 6.4 (a to f) with the sound
intensity patterns in Fig. 6.1 (g to 1), a clear correlation emerges. Specifically, areas with
higher sound intensity exhibit a more pronounced temperature increase, confirming the
effectiveness of the focused ultrasonic waves in concentrating energy within the desired
regions. In the tumor area, this results in a temperature rise to approximately 38.5 °C
after just 1 second of exposure. However, it is important to note that this temperature is
still below the threshold required for rapid tissue destruction.

For effective thermal ablation, which leads to tissue coagulation or necrosis, the tem-
perature needs to be elevated to between 46 and 56 °C and maintained for a sufficient
duration [19]. To achieve this, the ablation time was extended to 10 seconds, and a 10 nm
transducer displacement was applied to enhance energy delivery. The Arrhenius kinetic
equation (Eq. 3.6) was then used to calculate the extent of tissue necrosis during this
extended period. This equation provides a quantitative measure of the thermal damage,
allowing for a precise estimation of the necrotized area.

The outcomes of this extended simulation, including the visualization of the necrotized
tissue, are presented in the subsequent subsection. These results will offer a comprehensive
view of the thermal effects induced by the focused ultrasonic waves, illustrating the poten-
tial for achieving effective tumor ablation under the simulated conditions. This analysis
is crucial for understanding the parameters required to optimize the procedure for clinical
applications.

6.1.3 Distribution of Necrotized Tissue Fraction

Fig. 6.4 (g to 1) illustrates the distribution of necrotic tissue after 10 seconds of focused
ultrasound exposure, depicting the contour of the necrotic tissue fraction across different
cut planes of the breast model. These images reveal that nearly the entire tumor has been
effectively eradicated, with some surrounding normal tissue also showing signs of necrosis.
The areas exhibiting the maximum necrotic tissue fraction indicate regions of complete
tissue necrosis, confirming the efficacy of the focused ultrasonic waves in targeting and
ablating the tumor.
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Figure 6.4: Distribution of temperature after 1 second, (a) FEM cut plane 1, (b) FEM cut
plane 2, (¢) FEM cut plane 3, (d) PINN cut plane 1, (e) PINN cut plane 2, (f) PINN cut
plane 3. Distribution of necrotic tissue fraction after 10 s of the ablation process, (g) FEM
cut plane 1, (h) FEM cut plane 2, (i) FEM cut plane 3, (j) PINN cut plane 1, (k) PINN
cut plane 2, (1) PINN cut plane 3.
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Figure 6.5: Temperature distribution after 1 s along lines passing through the tumpr’s
center in different directions, (a) x-direction, (b) y-direction, (c) z-direction.
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By comparing Fig. 6.4 (g to 1) with the temperature distribution shown in Fig. 6.4 (a to
f), a clear relationship can be observed between the extent of necrosis and the correspond-
ing temperature increase. Regions that experienced higher temperatures during the initial
exposure period are more likely to undergo significant tissue ablation after the 10-second
exposure. This correlation underscores the importance of achieving and maintaining ad-
equate thermal thresholds within the targeted area to ensure effective tumor destruction
while minimizing damage to surrounding healthy tissue.

To provide further insight into the spatial distribution of tissue necrosis, Fig. 6.6
presents plots showing the necrotic tissue fraction along lines passing through the tumor’s
center in various x, y, and z directions after 10 seconds of the ablation process. These
plots offer a detailed view of how the necrosis extends in different directions within the
tissue, reflecting the focused nature of the ultrasonic waves and their ability to selectively
ablate the tumor. This detailed analysis is crucial for understanding the effectiveness of
the treatment and optimizing the parameters to achieve the desired therapeutic outcomes
with minimal side effects.

As shown in Fig. 6.6, the proportion of necrotized tissue at the tumor’s center reaches
its maximum value of one, indicating complete ablation in that region. However, this
proportion decreases as one moves away from the center, revealing that not all areas of the
tumor undergo complete necrosis. This gradient suggests that certain peripheral regions
of the tumor may remain partially untreated under the current simulation parameters,
highlighting the need for further optimization to achieve full tumor ablation.

To enhance the efficacy of the treatment and ensure complete ablation of the tumor,
clinicians can consider adjusting several key parameters. One approach is to briefly alter the
position of the acoustic pulse generator, which would shift the focal point of the ultrasonic
waves and allow for the targeted treatment of different tumor areas. Another method
involves increasing the input pulse pressure, which would raise the ablation temperature
and potentially lead to more extensive tissue necrosis. Additionally, extending the duration
of the acoustic pulse would increase the exposure time, giving the ultrasonic waves more
time to elevate the temperature and induce necrosis throughout the tumor.

For tumors that are not fully treated in a single session, multiple FUS ablation sessions
could be employed. By targeting untreated or partially treated areas in subsequent sessions,
clinicians can progressively ablate the entire tumor while minimizing the risk of damaging
surrounding healthy tissue.

To provide a more comprehensive understanding of the ablation process, Fig. 6.7
presents plots of both the temperature and the necrotic tissue fraction at the tumor’s
center throughout the 100-second ablation process. These plots offer valuable insights into
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Figure 6.6: Fraction of necrotic tissue after 10 s ablation process along lines passing through
tumor’s center in different directions, (a) x-direction, (b) y-direction, (c) z-direction.
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Figure 6.7: Temperature and fraction of necrotic tissue at the tumor’s center during abla-
tion time: (a) Temperature change, (b) fraction of necrotic tissue.

the dynamics of temperature rise and tissue necrosis over time, allowing for a detailed
evaluation of how different treatment parameters impact the overall effectiveness of the
ablation. This information is critical for optimizing the procedure to achieve complete
tumor ablation while maintaining the safety and precision required for clinical applications.

As observed in Fig. 6.7a, during the initial 10 seconds of the FUS treatment, the
temperature at the center of the tumor undergoes a rapid increase, rising sharply from the
baseline of 37 °C to approximately 70 °C. This rapid temperature elevation is a direct result
of the intense acoustic energy focused on the tumor, leading to significant heat generation
within the targeted area. The high temperature is crucial for inducing thermal ablation,
effectively destroying the tumor cells at the center.

Following the cessation of the FUS source, the temperature at the tumor’s center begins
to gradually decrease, returning to the baseline of 37 °C. This cooling phase is primarily
due to the natural heat transfer processes within the body, including conduction and
convection, as well as the cooling effect provided by blood perfusion. Blood flow in the
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surrounding tissue helps dissipate the accumulated heat, restoring the thermal equilibrium
in the treated area.

Conversely, as depicted in Fig. 6.7b, the fraction of necrotic tissue at the tumor’s center
steadily increases throughout the treatment. Notably, this fraction reaches approximately
1 after just 4 seconds, indicating that nearly 100% of the tumor tissue at the center has
been ablated. This suggests that the focused ultrasound treatment is highly effective in
achieving complete necrosis at the tumor’s core within a relatively short period, making it
a powerful tool for precise tumor ablation. The continued rise in necrotic tissue fraction,
even as the temperature begins to decrease, highlights the irreversible damage inflicted by
the initial thermal spike, ensuring that the tumor cells are effectively destroyed despite the
subsequent cooling.

6.1.4 Realistic Clinical Approach

The previously described approach of focusing FUS solely at the tumor’s center for 10
seconds, followed by 90 seconds of thermal diffusion, has limitations in achieving complete
ablation, particularly for larger tumors. This method, while useful for demonstrating the
FUS process and showcasing the capabilities of our deep learning platform, does not align
with current clinical practices where more efficient strategies are employed. In real-world
clinical settings, the goal is to ensure comprehensive ablation of the entire tumor volume,
which requires a more sophisticated approach.

To address this, we now adopt a more realistic clinical methodology that reflects the
practices used in modern FUS treatments. In clinical systems, a more effective technique
involves rapidly generating multiple lesions across the tumor volume by dynamically ad-
justing the transducer focus. This approach not only enhances the coverage of the tumor
but also mitigates uncertainties related to thermal diffusion and the heat sink effect caused
by blood perfusion, which can reduce the efficacy of the treatment if not properly managed.

In this study, we applied a FUS therapy protocol designed to create three faster lesions:
one at the tumor’s center and two additional lesions 3 mm away on the right and left
sides along the x-axis. The transducer was strategically moved, and its focal point was
adjusted to target each location. FUS waves were generated for 6 seconds at each focal
point, with 5-second intervals allocated for repositioning the transducer. This sequential
treatment strategy ensures that different parts of the tumor are exposed to the therapeutic
ultrasound, increasing the likelihood of complete tumor ablation.

After treating the tumor from these three focal points, the simulation continued without
any further acoustic energy input until reaching a total time of 100 seconds. This extended
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Figure 6.8: (a-f) sound intensity magnitude in the cut plane 1 during each of the three
lesion processes for FEM and PINN;, (g-1) temperature distribution in the cut plane at the
end of each lesson process for FEM and PINN, (m-r) fraction of necrotic tissue distribution
in the cut plane 1 at the end of each lesion process for FEM and PINN.

period allowed us to observe the effects of thermal diffusion and the cooling influence of
blood perfusion, providing a comprehensive understanding of the FUS ablation outcomes.
The results from this approach demonstrate how our platform can predict and optimize
FUS treatment outcomes in actual clinical settings, offering a valuable tool for enhancing
the precision and efficacy of tumor ablation therapies.

The diagram in Fig. 6.8 (a to c) illustrates the distribution of sound intensity magnitude
within the cut plane 1 for the FEM during the three distinct lesion processes, occurring
between 0-6, 11-17, and 22-28 seconds. Correspondingly, Fig. 6.8 (d to f) shows the
same distribution for the PINN model, with the x-z surface passing through the tumor’s
midpoint for each lesion. These images provide a comparative view of how sound intensity
is concentrated within the tumor across the different focal points during each stage of the
treatment.

Additionally, Fig. 6.8 (g to r) presents the resulting distribution of temperature and
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the fraction of necrotic tissue at the conclusion of each lesion process within cut plane 1,
again for both FEM and PINN models. These visualizations are shown at 6, 17, and 28
seconds for the first, second, and third lesions, respectively. The comparison highlights
how each method models the thermal and necrotic outcomes of the treatment, providing
insights into their effectiveness and accuracy.

The three distinct focal points in these processes generate a significant sound intensity
magnitude of approximately 4.5E+6 Wm™, which is a critical factor in inducing the desired
thermal effects within the tumor tissue. The intense focus of acoustic energy leads to
temperature increases of approximately 63, 65, and 64 °C at different points within the
tumor during the respective lesion processes. These elevated temperatures are sufficient
to cause significant tissue necrosis, contributing to a more uniform ablation of the tumor
tissue.

By achieving these consistent temperature increases at multiple focal points, this ap-
proach ensures a more comprehensive and uniform necrosis across the entire tumor, thereby
enhancing the effectiveness of the FUS treatment. The results depicted in Fig. 6.8 demon-
strate how both FEM and PINN can be utilized to predict and analyze the outcomes of
such treatments, with each model offering valuable insights into the distribution of sound
intensity, temperature, and tissue necrosis during the ablation process.

The figure demonstrates that after 28 seconds of FUS therapy, the fraction of necrotic
tissue reaches 1 in nearly all regions of the tumor, indicating complete ablation. To gain
a deeper understanding of these results and to assess the effectiveness of this clinically
realistic approach, we have plotted the temperature and necrotic tissue fraction along a
line passing through the tumor’s center in the x direction (Fig. 6.9) at various time points
during the ablation process, including the conclusion of each lesion process and the entire
therapy.

Fig. 6.9a illustrates the temperature increase at different points within the tumor—specifically
at the center, right, and left sides. This plot reveals a more evenly distributed high-
temperature pattern throughout the tumor, resulting from the sequential targeting of mul-
tiple focal points. The distribution of heat across the tumor is more uniform compared to
earlier methods, where temperature gradients were more pronounced.

When comparing the necrotic tissue fraction in Fig. 6.9b with the earlier results shown
in Fig. 6.6a, it becomes evident that this improved approach achieves a fraction of necrotic
tissue reaching 1 across almost the entire tumor, including the edges. This is in stark
contrast to the previous method, where the necrotic tissue fraction did not reach 1 at the
tumor’s periphery, leaving some areas incompletely ablated.

The success of this new approach highlights its effectiveness in uniformly and completely
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eradicating tumor tissues. By strategically adjusting the focal points and optimizing the
treatment duration at each point, this method ensures a more comprehensive ablation,
reducing the likelihood of residual tumor cells that could lead to recurrence. These results
demonstrate the potential of this approach to significantly enhance the outcomes of FUS
therapy in clinical settings, offering a more reliable and thorough treatment option for
patients.

Increasing the number of lesion points across different parts of the tumor leads to more
favorable outcomes without the need for extended lesion durations, which is consistent with
current clinical practices. This approach allows for more comprehensive and efficient tumor
ablation by targeting multiple areas within the tumor, ensuring that the entire volume is
treated effectively.

The deep learning platform we have developed is capable of simulating a wide range
of FUS ablation processes, accommodating variations in the number of lesions, their du-
rations, locations, and the acoustic settings applied. This flexibility makes the platform
an invaluable tool for predicting diverse FUS therapy outcomes and selecting the most
efficient and effective procedure tailored to the specific size and location of the tumor. By
enabling clinicians to simulate and compare different treatment strategies, the platform
helps in optimizing FUS therapy, enhancing its precision and success rates.

Moreover, the use of 3D simulations within this platform provides significantly more
accurate and realistic outcomes compared to traditional 2D simulations. The inclusion
of three spatial dimensions allows for a more detailed representation of the tumor and
surrounding tissues, capturing the complexities of sound wave propagation and thermal
effects in a more lifelike manner. This leads to higher sound attenuation and a more
pronounced temperature increase within the tissue, which are critical factors in achieving
effective tumor ablation. As a result, 3D simulations offer a deeper understanding of the
treatment dynamics and are crucial for planning and executing successful FUS therapies
in clinical practice.

The augmented temperature increase observed in our simulation, especially when com-
pared to the results of Montienthong & Rattanadecho’s study [!11], underscores the sig-
nificant advantages of utilizing 3D simulations in FUS therapy. While our study demon-
strates a temperature rise to approximately 64-65 °C (as shown in Fig. 6.9a), their research
achieved a lower temperature increase, reaching only 50-51 °C despite employing the same
acoustic frequency and similar focal lengths (refer to Figs. 14 and 15 in their paper).
This discrepancy highlights the superior accuracy of 3D simulations, which are capable of
capturing the complex and realistic geometry of the breast model, including asymmetric
details that profoundly influence acoustic wave propagation and heat transfer.
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The use of 3D simulations allows for a more precise representation of these complexities,
leading to more accurate and clinically relevant results than what can be achieved with 2D
axisymmetric models. The inclusion of asymmetric anatomical features in the simulation
contributes to a more accurate prediction of temperature distribution and tissue necrosis,
which are crucial for optimizing FUS therapy outcomes.

Furthermore, the PINN model’s ability to generalize across different tumor types and
breast anatomies is pivotal for its clinical applicability. While our study effectively demon-
strates the model’s capabilities for a specific anatomy and tumor type, extending its ap-
plication to a broader range of scenarios requires careful consideration. To generalize
effectively, it is necessary to define new anatomical geometries and FUS specifications that
accurately reflect the diversity of patient anatomies and tumor characteristics encountered
in clinical practice.

The training dataset used in our study was based on specific configurations of an
anatomical phantom, designed to capture particular scenarios involving acoustic pressure,
sound intensity, and temperature distributions. However, this dataset does not encompass
the full spectrum of breast anatomies and tumor types, which means the model may not
perform optimally for cases that differ significantly from those represented in the training
data. As a result, applying the model to diverse clinical scenarios will require precise input
configurations tailored to the specific anatomy and tumor characteristics of each patient.

To achieve accurate FUS treatment predictions across a wide range of clinical cases,
future work should focus on expanding the training dataset to include a broader variety of
anatomical geometries and tumor types. This will enhance the model’s ability to generalize
and improve its performance in predicting FUS outcomes for patients with different breast
anatomies and tumor characteristics. By refining the model and its training data, we can
move closer to realizing the full potential of FUS therapy in personalized cancer treatment.

When scaling the PINN approach to more complex anatomical structures, several chal-
lenges emerge, primarily related to increased model complexity and heightened compu-
tational demands. However, the inherent modularity of PINNs makes them particularly
well-suited for managing such complexity, enabling the model to be adapted to handle
detailed and intricate anatomical features.

One effective strategy for managing this complexity is hierarchical modeling. In this
approach, the anatomical structure is divided into smaller, more manageable subdomains.
Each subdomain can be independently modeled using the PINN framework, allowing for
focused and efficient computation within each region. This modular approach not only
simplifies the modeling process but also facilitates parallel computation, thereby reducing
the overall computational load.
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Once the individual subdomains are modeled, the results can be integrated to create a
comprehensive model of the entire anatomical structure. This integration process involves
ensuring continuity and consistency across the boundaries of the subdomains, which is
critical for maintaining the accuracy and reliability of the overall model. Hierarchical
modeling is particularly advantageous in complex anatomical regions, where different areas
may require varying levels of detail and computational focus.

To further enhance the efficiency and accuracy of the PINN approach, adaptive mesh
refinement (AMR) techniques can be employed. AMR allows for the dynamic allocation of
computational resources, concentrating them on regions with high complexity or significant
changes, such as tumor boundaries or areas with steep temperature gradients. By refining
the mesh in these critical regions, the model can capture finer details and more accurately
simulate physical processes like acoustic wave propagation and heat transfer.

The use of AMR ensures that computational resources are utilized where they are
most needed, enabling more detailed modeling in critical areas without overwhelming the
overall computational capacity. This approach is particularly useful in FUS therapy, where
precise modeling of temperature distribution and tissue necrosis is essential for optimizing
treatment outcomes.

In summary, while scaling the PINN approach to more complex anatomical structures
presents challenges, the modular and adaptable nature of PINNs, combined with hierar-
chical modeling and adaptive mesh refinement techniques, provides a robust framework
for managing this complexity. These strategies allow for the detailed and accurate simula-
tion of complex anatomical features, making PINNs a powerful tool for advanced medical
modeling and simulation in clinical settings.

6.1.5 Validation and Computational Efficiency

To assess the accuracy and reliability of the PINN model, the predicted temperature distri-
butions were compared with results obtained from the FEM. The comparison was quanti-
tatively evaluated using several validation metrics, including Mean Squared Error (MSE),
Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and correlation coeffi-
cients.

The summarized results are presented in Tables 6.1, which showcase the validation
metrics for the PINN model against the FEM results. The data reveals that the PINN
model’s predictions are in close agreement with the FEM results. The low values of MSE,
RMSE, and MAE demonstrate the high accuracy of the PINN model in predicting tem-
perature distributions within the simulated environment. These metrics indicate that the
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Table 6.1: Validation Metrics for Comparison with FEM Results.

Metric Value for FEM
MSE 0.0025
RMSE 0.05
MAE 0.03
Correlation Coefficient 0.98

Table 6.2: Computational Time and Resource Usage Comparison.

Method Computational Time (hours) Memory Usage (GB)
PINN Model 5 8
FEM Simulation 115 16

errors between the predicted values and the FEM reference values are minimal, reflecting
the model’s precision.

Furthermore, the high correlation coefficients suggest a strong linear relationship be-
tween the predicted temperatures from the PINN model and the reference temperatures
from the FEM simulations. This strong correlation further confirms the reliability of the
PINN model, indicating that it can effectively replicate the results of more traditional and
well-established FEM simulations.

Overall, the validation metrics presented in Tables 6.1 provide robust evidence of the
PINN model’s accuracy and reliability in predicting temperature distributions. This close
match with FEM results not only validates the PINN approach but also highlights its po-
tential as a powerful tool for simulating complex physical processes in medical applications,
such as FUS therapy.

One of the key advantages of the PINN model is its remarkable computational efficiency
compared to conventional FEM techniques. A detailed comparison of computational time
and resource usage between the PINN model and FEM simulations, as presented in Ta-
ble 6.2, highlights this significant benefit.

The results show that the PINN model drastically reduces both computational time and
memory usage. Specifically, the PINN model completed the simulations in just 5 hours,
while the FEM simulations required approximately 115 hours to achieve similar results.
This reduction in computational time by the PINN model represents a substantial im-
provement in efficiency, allowing for quicker turnaround times in simulations.

In addition to time savings, the PINN model also demonstrates more efficient use of
computational resources. The model used only 8 GB of memory, compared to the 16 GB
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required for FEM simulations. This halving of memory usage further emphasizes the
resource efficiency of the PINN model, making it not only faster but also less demanding
on hardware.

These substantial differences in computational time and memory usage underscore the
efficiency of the PINN model, particularly in the context of clinical applications where
timely results are crucial. In scenarios such as FUS ablation, where treatment planning
and real-time decision-making are vital, the ability to quickly and accurately simulate
outcomes can significantly enhance the effectiveness of the therapy.

By leveraging its computational efficiency, the PINN model enables rapid and precise
simulations of FUS ablation processes, making it an invaluable tool for treatment planning
and optimization. The ability to conduct fast and resource-efficient simulations allows
clinicians to explore various treatment scenarios, optimize parameters, and make informed
decisions more quickly, ultimately improving patient outcomes and the overall efficiency of
clinical workflows.

6.1.6 Uncertainty Quantification

Uncertainty quantification (UQ) is critical for validating and ensuring the robustness of
predictive models, particularly in clinical applications where accurate and reliable predic-
tions are essential. In this study, we addressed uncertainties in both model parameters and
input data to enhance the reliability of the PINN predictions.

Key parameters such as tissue properties— including thermal conductivity, specific heat
capacity, and blood perfusion rates—along with variations in input data like FUS wave
intensity and focal point, can have a significant impact on model predictions. To account
for these uncertainties, we employed Monte Carlo simulations, running multiple simulations
with parameters sampled from their respective probability distributions. This approach
allowed us to capture the variability in the predicted outcomes and to provide statistical
measures such as mean, variance, and confidence intervals for key predicted quantities like
temperature distribution and necrotic tissue fraction.

The Monte Carlo simulations enabled us to assess the range of possible outcomes under
different scenarios, offering a more comprehensive understanding of the potential variability
in clinical results. These statistical measures are invaluable for clinicians as they provide
a quantifiable assessment of the reliability and robustness of the predictions made by the
PINN model.

In addition to Monte Carlo simulations, sensitivity analysis was performed to identify
the parameters that most significantly affect the model outputs. This analysis, summarized
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Table 6.3: Sensitivity Analysis Results.

Parameter Range % Change in Maximum Temperature % Change in Necrotic Tissue Fraction
Thermal Conductivity 0.4-0.6 W/mK +5% +3%
Specific Heat Capacity 3500 - 4000 J/kg-K +4% +2%
Blood Perfusion Rate 0.001 - 0.005 s +7% +5%
Initial Tumor Temperature 36.5°C - 37.5°C +2% +1%
FUS Power 30 - 50 W +10% +8%

Table 6.4: Uncertainty Quantification Results.

Quantity Mean Standard Deviation 95% Confidence Interval
Maximum Temperature (°C)  70.0 2.5 [65.2, 74.8]
Necrotic Tissue Fraction (%)  90.0 5.0 [80.2, 99.8]

in Table 6.3, involved varying one parameter at a time while holding all others constant to
determine its individual impact on predicted temperature distribution and necrotic tissue
fraction. The sensitivity analysis revealed which parameters have the greatest influence on
the outcomes, guiding future efforts to refine and improve model accuracy by focusing on
these critical factors.

Furthermore, Bayesian methods were utilized to update the probability distributions
of the model parameters based on prior knowledge and observed data. By incorporating
prior uncertainties and refining these distributions with new data, the Bayesian approach
enhances the model’s predictive accuracy. This method allows for the systematic integra-
tion of prior information and real-time observations, leading to more informed and reliable
predictions.

Overall, the combination of uncertainty quantification techniques—Monte Carlo sim-
ulations, sensitivity analysis, and Bayesian updating—provides a robust framework for
validating the PINN model in clinical applications. These methods ensure that the model
can reliably predict outcomes under varying conditions, making it a powerful tool for clin-
ical decision-making and treatment planning in focused ultrasound therapies.

The UQ results are presented in Table 6.4, which includes the mean and standard devi-
ation of key predicted quantities, along with their corresponding 95% confidence intervals.
These results provide a detailed statistical assessment of the model’s predictions, reflecting
how uncertainties in model parameters and input data influence the outputs.

The mean values indicate the expected outcomes, while the standard deviations show
the extent of variability around these means due to the uncertainties considered in the
analysis. The 95% confidence intervals offer a range within which the true values are likely
to fall, giving a sense of the precision and reliability of the model’s predictions.
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Notably, the narrow confidence intervals reported in Table 6.4 suggest that the PINN
model predictions are relatively insensitive to the variations in the parameters. This in-
sensitivity implies that, even when accounting for uncertainties in tissue properties, blood
perfusion rates, FUS wave intensity, and focus, the model consistently produces accurate
and reliable predictions. This robustness is crucial for clinical applications, where con-
sistent and dependable results are necessary for effective treatment planning and patient
care.

The narrow confidence intervals and low variability further enhance confidence in the
PINN model’s clinical applicability, indicating that it can reliably predict outcomes under a
range of conditions and parameter variations. This makes the PINN model a valuable tool
for clinicians, providing a strong foundation for making informed decisions in the context
of focused ultrasound therapy.

6.2 Pathway Scanning

The experiments conducted in this study are designed to achieve three primary objectives.
First, they aim to confirm the hypothesis that Al can effectively create appropriate HIFU
treatment plans. This involves evaluating the AI’s ability to generate precise and reli-
able treatment protocols that meet clinical standards. Second, the experiments seek to
develop suitable fitness functions for the algorithm, which are critical for optimizing the
ATD’s performance. These fitness functions serve as the criteria by which the Al evaluates
and refines its treatment plans, ensuring that the generated plans are not only effective
but also efficient and tailored to individual patient needs. Third, the study assesses the
AT’s computational complexity, examining how resource-intensive the process is in terms of
time and computational power. Understanding the computational demands is crucial for
determining the feasibility of implementing such Al-driven methods in real-time clinical
settings.

The study was conducted in real-world settings, providing a practical evaluation of the
proposed method. This included the use of material properties, transducer parameters,
and simulation parameters that were generated using actual patient data, a real-world
HIFU transducer, and advanced numerical analysis techniques. By leveraging real-world
data and equipment, the study ensures that the findings are directly applicable to clinical
practice, enhancing the potential for Al-driven HIFU treatment planning to be adopted in
medical settings.
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6.2.1 Computational Results

This section evaluates the Al’s capability to devise an effective treatment plan tailored for
a specific patient. The primary focus is on the Al’s ability to generate a treatment plan
that is both effective and precise. The optimal solution, as defined in this study, ensures
that the entire targeted region is treated while sparing normal tissue from any adverse
effects. This is achieved when the fitness value of the solution equals zero, indicating that
the treatment plan has met all criteria for effectiveness and safety.

The proposed algorithm’s performance is illustrated in Fig. 6.10, which shows the treat-
ment plan for each epoch of the Al-based algorithm during the simulation. The boundary
of the target area, derived from MR image processing, is highlighted with a red line. The
treated area, where the CEM value exceeds 240, is shown in blue, while the affected area,
with CEM values between 80 and 240, is depicted in yellow. As the treatment progresses,
the plan expands to ensure that the entire tumor is covered completely. The algorithm
ultimately suggests 13 consecutive sonications, resulting in a more uniform thermal field
than methods that apply the same HIFU energy across all treatment locations [187].

As anticipated, the algorithm iteratively adjusts the treatment plan to achieve uniform
coverage of the tumor. The shapes of the lesions change dynamically to satisfy the two
critical fitness functions: (1) avoiding damage to areas outside the tumor, and (2) ensuring
complete tumor coverage with minimal treatment time. As the treatment sites become
closer, the influence of heat from surrounding lesions on the current target causes rapid
changes in lesion size during the final stages. This leads to lesion coalescence, ensuring
that the final solution is seamless, with no gaps in coverage.

Moreover, the iterative approach employed by the algorithm minimizes the risk of
excessive lesion coalescence while promoting uniform lesion generation with the fewest
sonication sessions. This method also offers the advantage of low computational overhead,
making it feasible for use in pre-treatment planning. Consequently, the optimal presurgical
strategy proposed by this approach will undergo further testing in vitro, providing a robust
foundation for its potential application in clinical settings.

The first finding of this study indicates that the quality of the Al-generated treatment
plan improves as the number of sonications increases. Specifically, as the Al is able to utilize
a greater number of sonications, the precision of coverage control is enhanced, allowing for
more accurate targeting of the tumor. This increased precision is achieved by employing
shorter or smaller sonication sessions, which contribute to a more refined treatment plan.

However, this improvement in treatment quality comes with a trade-off. As the number
of sonications increases, the overall length of the therapy also extends. This prolonged

133



Thermal dose accumulation 1 Thermal dose accumulation 1 Thermal dose accumulation

1 12 14 16 18 2 22 24 26 28 3 1 1.2 14 1.6 1.8 2 22 24 2.6 28 3 1 1.2 14 1.6 1.8 2 22 24 26 28
z(cm) z(cm) 2 (cm)
, ‘Thermal dose accumulation , Thermal dose accumulation ] Thermal dose accumulation
-15 1.5 -1.5
R
g g 2
25 25 25
' T ' ;
1 12 14 1.6 1.8 2 22 24 26 28 3 1 12 14 1.6 1.8 2 22 24 26 28 3 1 12 14 1.6 1.8 2 2 24 26 28
z (cm) z(cm) z(cm)
, ‘Thermal dose accumulation . Thermal dose accumulation . Thermal dose accumulation
15 L5 15 p
S
< Ng '
2 2
g g 2
25 25 25
3 -3 -3
< e I T == et
1 12 1 2. 28 3 1 12 14 1.6 1.8 2 24 26 28 3 1 1 2 28
(cm) z(cm) Z (cm)
1 Thermal dose accumulation . ‘Thermal dose accumulation ! Thermal dose accumulation
1.5
2
=25
3

1 12 14 16 18 2 22 24 26 28 3 1 12 14 16 18 2 24 26 28 3 1 12 14 1.6 18 2 22 24 26 28
z(cm) z(cm)
Thermal dose accumulation

Figure 6.10: The process that Al finds the best presurgical plan for a desired tumor.
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duration can present challenges for both the patient and the computational process. For
the patient, a longer treatment time may result in discomfort or difficulty in maintaining
the necessary position throughout the procedure. For the AI, an extended treatment
plan requires more iterations of the ANN, which increases the computational complexity
and time required to evaluate and optimize the plan. Therefore, while a higher number of
sonications can lead to better treatment outcomes, it also necessitates careful consideration
of the balance between treatment quality and the practical limitations of therapy duration
and computational demands.

In the majority of its runs, the Al successfully develops appropriate treatment plans,
provided that the minimum number of sonications is not overly restrictive. As the number
of sonications (V) increases, the algorithm evaluates the trade-off between the quality of
the treatment plan and the number of sonications required. This iterative process continues
until the algorithm ensures that the entire tumor is adequately covered. By progressively
increasing the number of sonications, the Al optimizes the treatment plan to achieve com-
plete tumor coverage while balancing the investment in terms of sonication sessions. This
approach allows the Al to refine the treatment plan, improving its effectiveness without
unnecessarily prolonging the therapy.

The heat source was configured using the nominal parameters of the H101 Sonic trans-
ducer and a single-element transducer. With a radius of curvature of 51.74 mm and an
aperture diameter of 64 mm, combined with a frequency of 1 MHz, the resulting concen-
trated beam has an elliptical size of approximately 10 x 1.4 mm. The spatial peak of
the heat deposition rate, or spatial peak intensity, was set at 1000 W /cm?, a value that
is closely aligned with those used in clinical treatments. This setup ensures that the heat
source is appropriately focused and powerful enough to achieve the desired therapeutic
effects while adhering to clinically relevant parameters (Eq. 3.5).

According to numerical convergence tests, the parameters of the numerical thermal
model were set as follows:

e Discretized simulation domain size 810x668 grid points, periodic boundary condition.

Spatial resolution 0.05 mm.

Temporal resolution 0.01 s.

The total length of the simulation Zij\io(th,i +tei)

Allowed positions of the ultrasound focus center limited to the bounding box at grid
positions.
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e Maximum sonication and cooling periods t, = [1, 3s], t. = [0, 2s].

e Number of sonications considered N € {1,2,...,00}.

The chosen sonication and cooling periods for the HIFU treatment were determined
based on a combination of experimental setups, simulation results, and clinical considera-
tions. These parameters were carefully selected to ensure effective and safe treatment while
minimizing the total treatment time. In HIFU treatments, managing the temperature of
both the targeted tissue and surrounding healthy tissues is crucial, with cooling playing
an essential role in this process.

In the simulation, a uniform cooling condition was assumed across the entire tissue
area, which simplifies the modeling process by providing consistent and controlled cooling.
This uniform approach ensures that heat is dissipated evenly, preventing the formation of
hot spots. However, in actual clinical practice, cooling is typically applied specifically to
the propagation path of the HIFU beam using methods such as water bags, cooling pads,
or other localized cooling devices. To more accurately reflect clinical conditions, boundary
conditions in the simulations can be set to maintain a constant temperature at the edges
of the tissue, simulating the effect of a water bath or other cooling medium.

While the initial settings for the heating (t5) and cooling (t.) periods are within specified
ranges, the NN-based optimization process introduces flexibility. Depending on the shape
and size of the planned treatment area, as well as the physician’s recommendations, the
heating and cooling time ranges can be adjusted to higher upper bounds. This flexibility
allows for the optimization of overall treatment efficacy and duration, ensuring that the
treatment is both effective and efficient.

In this section, the four treatment plans are visualized (Figs. 6.11, 6.12, 6.13, and 6.14).
Each plot in these figures represents a single sonication layer in the sequential treatment
plan. The yellow spots on the lesion maps indicate areas where the C'E'M,3 have exceeded
240 minutes, signifying effective treatment. The blue areas represent regions that have not
yet been adequately treated, where the temperature rise is minimal (80 < C'EM,3 < 240).

The first figure for each tumor displays the target area where the algorithm attempts
to find an optimal treatment plan. The second figure in each sequence shows the actual
treatment area following the first layer of sonication, including the cooling period. This
image illustrates that some energy from the earlier layers has not yet dissipated, allowing
the subsequent sonication layers to build upon this residual energy, effectively elevating
the treated region.

The final figure for each patient demonstrates that the entire target area is eventually
covered. Throughout this process, the algorithm continuously monitors the potential for
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overheating normal tissue. If the cumulative temperature in any prohibited area begins to
rise too quickly, the solution procedure is adjusted to implement a less harmful approach.
This ensures that the treatment remains safe and effective.

Over the course of the treatment, the non-treated areas, which indicate regions where
treatment failed due to insufficient energy deposition, gradually decrease. By the end of
the treatment, no mistreated areas, which denote regions where prohibited zones were
harmed, remain. This indicates that the treatment was successful in targeting the tumor
while minimizing damage to surrounding healthy tissue.

The fitness value evaluates the quality of the treatment plan by incorporating a com-
bination of two key metrics (see Egs. 4.2 and 4.3), which are essential for determining the
overall effectiveness and precision of the procedure. Table 6.5 provides a detailed break-
down of the treatment parameters used at each sonication session across all four patients
involved in the study. For each patient, the first two columns specify the coordinates
that define the focal point’s location, which in turn determines the exact placement of the
transducer to ensure optimal targeting of the area of interest. The remaining two columns
provide recommendations for both the heating and cooling durations, which are crucial
for managing the thermal effects during and after each sonication. This table can be a
valuable resource for HIFU therapists, as it can be used not only to inform their clinical
decisions but also to assist in evaluating and refining their presurgical treatment plans to
enhance patient outcomes.

The number of sonications and the total treatment time can vary significantly between
patients due to several contributing factors, including tumor size, shape, and location. In
this study, as shown in Table 6.5, Patient 3 required fewer sonications compared to Pa-
tient 4, who needed a higher number of sonications. This discrepancy can be attributed
to the differences in tumor characteristics. Patient 3 had a smaller, more regularly shaped
tumor, which allowed for fewer sonications to achieve complete ablation. Tumors with reg-
ular shapes, such as spheres or ellipsoids, are more geometrically simple and symmetrical,
enabling efficient coverage with fewer sonications, as each sonication can target a larger
portion of the tumor volume.

In contrast, Patient 4 had an irregularly shaped tumor, which presented more complex-
ity due to its asymmetrical and intricate geometry, including protrusions and indentations.
Such irregularities require additional sonications to ensure thorough and uniform cover-
age of the entire tumor. The increased number of sonications is necessary to address the
additional complexity and to ensure that all regions of the tumor are effectively treated.

To highlight the efficiency and accuracy of our proposed method, a comparative anal-
ysis was performed between our previous method, which relied solely on an optimization
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Table 6.5: Treatment parameters calculated by the proposed algorithm for each patient.
Number of sonication Patient 1 Patient 2 Patient 3 Patient 4
z(em) r(em) #(s) t.(s) z(em) r(em) tn(s) t.(s) z(em) 7 (em) t4(s) t.(s) =z (cm) 7 (cm) #(s) t.(s)

1 2.99 1.88 2.9 0.2 1.87 1.84 2.2 1 3.1 2.37 2.7 0.8 2.3 2.83 2.6 0.4
2 2.99 1.63 2.9 1.2 1.87 1.59 2.4 0.2 3.02 2.12 2.9 1.5 2.09 2.58 2.6 11
3 2.99 1.38 3 1.1 3.14 3.11 2 1.9 2.99 1.88 2.9 0.2 1.98 2.33 2.3 0.7
4 3.03 1.13 2.3 1.4 2.99 2.86 2.8 1.7 3.79 2.26 2.3 0.9 1.9 2.09 2.2 1
5 2.76 1.06 0.2 0.9 3.31 2.62 2.2 0.3 3.77 2.01 2.7 0.4 1.87 1.84 2.4 0.2
6 3.8 3 2.1 1.1 3.1 2.37 1.3 15 3.76 177 2.8 1.1 1.87 1.59 2 1.9
7 3.85 2.75 2.2 1.2 3.02 2.12 2.3 0 3.56 1.52 2.1 1.1 1.97 1.34 2.8 1.7
8 3.84 2.51 3 1 2.99 1.88 2.9 0.2 3.37 1.34 0.6 1.5 2.49 1.1 2.2 0.3
9 3.79 2.26 2.3 0.9 2.3 2.83 2.1 0.5 2.49 1.1 2.2 0.3 2.49 0.9 1.3 1.5
10 1.97 1.34 2.8 1.7 2.09 2.58 2.7 0.8 2.49 0.9 1.3 1.5 3.14 3.11 2.3 0
11 2.49 1.1 2.2 0.3 1.98 2.33 2.9 1.5 3.14 3.11 2.3 0 2.99 2.86 2.9 0.2
12 2.49 0.9 1.3 1.5 1.9 2.09 2.3 1.4 2.99 2.86 2.9 0.2 3.31 2.62 2.1 0.5
13 3.14 3.11 2.3 0 1.87 1.84 0.2 0.9 3.31 2.62 2.1 0.5 3.1 2.37 2.7 0.8
14 2.99 2.86 2.9 0.2 1.87 1.59 2.1 1.1 3.02 2.12 2.9 1.5
15 3.31 2.62 2.1 0.5 1.97 1.34 2.2 1.2 2.99 1.88 2.9 0.2
16 3.1 2.37 2.7 0.8 2.49 1.1 3 1 2.99 1.63 2.9 1.2
17 3.79 2.26 2.3 0.9 2.49 0.9 2.3 0.9 2.99 1.38 3 11
18 3.77 2.01 2.7 0.4 3.79 2.26 2.3 0.9 3.03 1.13 2.3 14
19 3.76 1.77 2.8 1.1 3.77 2.01 2.7 0.4 2.76 1.06 0.2 0.9
20 3.56 1.52 2.1 1.1 3.76 1.77 2.8 1.1 3.8 3 2.1 11
21 3.37 1.34 0.6 1.5 3.56 1.52 2.1 1.1 3.85 2.75 2.2 1.2
22 3.79 2.26 2.3 0.9 3.84 2.51 3 1
23 3.1 2.37 2.7 0.8 3.79 2.26 2.3 0.9
24 3.77 2.01 2.7 0.4
25 3.76 .77 2.8 1.1
26 3.56 1.52 2.1 1.1
27 3.37 1.34 0.6 1.5

algorithm, and our current Al-based approach. The results, presented in Table 6.6, demon-
strate the superiority of the Al-based optimization, with a reduction of 10% in MAE and
a significant 30% decrease in total treatment time. MAE, a commonly used measure of
prediction accuracy, quantifies the average absolute difference between predicted and ac-
tual values, providing insight into the model’s precision. Additionally, the Dice Score, or
Dice Similarity Coefficient, was used to assess the overlap between predicted and actual
tumor segmentation, reflecting the accuracy of the segmentation tasks. The Dice Score is
calculated as twice the size of the intersection between the two sets divided by the sum
of their sizes, making it a valuable metric for evaluating the performance of segmentation
models in ensuring accurate targeting during treatment.

Table 6.6 presents the MAE and total treatment time for the planned treatment area
and thermal dose range, comparing the predicted treatment parameters and coverage
achieved by the previous optimization method with those of the Al-based approach. This
comparison highlights the improvements brought by the Al-based method, demonstrating
more accurate parameter predictions and more efficient tumor coverage. The Al-based
approach shows significant advancements over the traditional optimization technique in
terms of reducing both MAE and total treatment time.
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Table 6.6: Quantitative comparison between our previous work [37] and the current Al
approach.

Previous Work Current Work
Patient No. MAE (mm?) Total Time (s) MAE (mm?) Total Time (s)
1 0.3309 95.03 0.2978 73.1
2 0.4781 92.60 0.4302 71.2
3 0.5754 51.74 0.4978 39.8
4 0.2411 113.49 0.2170 87.3

In contrast, Table 6.7 focuses on calculating the MAE and Dice Score for the actual
coagulation area and thermal dose range. The actual coagulation area was derived from
thermal imaging and histological analysis of the treated tissue, providing a precise assess-
ment of the regions where effective tissue coagulation occurred. By using these methods,
the study accurately identified the regions affected by the treatment, allowing for an eval-
uation of the treatment’s success.

Table 6.7: Quantitative comparison between experiments and simulations.
Trial No. MAE (mm?) Dice Score (%)

1 0.3981 99.94
2 0.2757 99.96
3 0.2874 99.95
4 0.3469 99.94
5 0.3324 99.95
6 0.3137 99.95
7 0.2372 99.96
8 0.2723 99.96
9 0.3563 99.95
Average 0.3133 99.95

The reduction in both MAE and total treatment time in this study compared to the
previous one can be attributed to the Al-based approach’s superior ability to optimize
treatment parameters. Unlike traditional methods, which may rely on more straightforward
algorithms, the AI model has the capacity to recognize and analyze complex patterns and
relationships within the treatment data. This allows for more precise predictions of optimal
treatment settings, such as sonication location, duration, and thermal dosing.

As a result, the Al-based method delivers better coverage of the tumor with fewer
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sonications and shorter overall treatment times, which enhances treatment efficiency. This
improvement not only leads to more effective ablation but also reduces the risk of over-
exposure to surrounding healthy tissues. Ultimately, the Al-based approach allows for a
more tailored and refined treatment plan, contributing to improved patient outcomes and
the overall success of the procedure.

6.2.2 Experimental Validation
Validation of Numerical Simulation

Subsequently, the effectiveness of the numerical HIFU treatment was evaluated through
nine distinct trials conducted on bovine liver tissue. After HIFU irradiation, the tissue
samples were fixed and sectioned to obtain thin slices for detailed analysis. These slices
were aligned to match the planes used in the simulation for direct comparison between
predicted and actual outcomes. The results from these nine experiments are depicted in
Fig. 6.15. In the first and third columns, the lesion patterns predicted by the numerical
simulations are displayed, while the second and fourth columns illustrate the actual treated
areas post-HIFU exposure. Each of these trials involved three sonications, with a one-
second cooling interval between them.

The spacing between sonications varied between 0 and 5 mm in both the radial (r)
and axial (z) directions, while the heating durations were consistently set at 3 seconds. In
this figure, the labels such as “r = 0, z = 0,” etc., located in the top left of each graph,
indicate the specific coordinates in the radial (r) and axial (z) directions at which the data
is presented. The vertical axis (7 in cm) represents the radial distance from the HIFU focal
point, while the horizontal axis (z in cm) corresponds to the axial distance along the HIFU
beam. For instance, a graph labeled “r = 0” shows data along the central axis (r = 0) of
the HIFU beam, where temperature or thermal dose varies along the z-axis. Conversely,
a label such as “r = 3 mm” indicates data at a radial distance of 3 mm from the central
axis, with corresponding variations along the z-axis.

Furthermore, a quantitative assessment of the proposed surgical plan is provided in
Table 6.7, where both MAE and Dice Scores are reported for each of the nine individual
trials. Although some minor regions failed to receive the full intended thermal dosage of
240 C'EM,3, a comparison between the planned and actual treated areas demonstrates
a notably high level of concordance. The discrepancies observed between the predicted
and actual results may be attributed to several factors, including variations in thermal
diffusion within the tissue, slight differences in acoustic properties between the ex vivo
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Figure 6.15: Comparison of the numerical simulation with experimental treatment plan
composed of 3 sonications.
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tissue and the assumptions used in simulations, and potential errors introduced during
imaging. Despite these minor deviations, the overall agreement between the numerical
predictions and experimental outcomes indicates the effectiveness of the Al-based planning
approach, providing valuable insights for future clinical applications of HIFU therapy.

During the experiments, the temperature increase within the tissue was continuously
monitored through a combination of thermal imaging and thermocouples. The thermocou-
ples were carefully inserted into the bovine liver tissue at specific depths and locations to
directly measure temperature within the target area, including at the precise location of
the HIFU focus. To ensure accurate and repeatable placement, the thermocouples were po-
sitioned using a stereotactic frame, which provided high precision in locating them within
the tissue. One thermocouple was positioned directly at the HIFU focal point to measure
the temperature at the center of the treatment zone, while additional thermocouples were
placed in surrounding regions to monitor the temperature gradients and ensure safe and
uniform heating.

The temperature distributions predicted by the numerical model at the central region
of the tumor, specifically at the HIF'U focal point, during the ablation process are shown in
Fig. 6.16. These predictions cover the full course of the treatment, including 10 seconds of
heating followed by a 90-second cooling period. The figure also presents the corresponding
experimental results, allowing for a direct comparison between the predicted and observed
temperature profiles. The strong alignment between the numerical predictions and the
experimental findings demonstrates that our model accurately captures the thermal dy-
namics within the tissue, including the temperature rise and subsequent cooling phases.
This good agreement between the simulation and experimental data highlights the relia-
bility and effectiveness of the model in predicting temperature distributions during HIFU
treatment, further supporting its potential application in clinical settings.

Validation of the Proposed AI Method

To verify the accuracy of the proposed Al-based method, five preset HIFU treatment
plans were developed and tested on bovine liver tissue, while also being implemented using
a conventional clinical procedure as outlined in [170]. The treatment planning region,
indicated by green lines in Fig. 6.17, was carefully outlined to precisely correspond with
the targeted tumor area in the bovine liver samples. In addition to determining the location
of each sonication point (z,r), optimal heating (¢,) and cooling (t.) times were established
through iterative testing and refined by comparing them to simulation predictions.

The experimental results revealed that the Al-optimized parameters led to a signifi-
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Figure 6.17: Comparison of the Al proposed method with conventional treatment plan.
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cantly higher effectiveness of the treatment compared to the conventional method. The
acoustic and thermal simulation results, combined with the deep learning approach, were
validated by comparing the predicted treatment outcomes with the actual experimental
results. This comparison confirmed the reliability of the Al-based method in conducting
er vivo HIFU treatments.

Table 6.8 provides a detailed comparison of the Mean Absolute Error (MAE) and
Dice Score for the actual coagulation area and thermal dose range, assessing both the Al-
optimized approach and the conventional clinical procedure. The results clearly demon-
strate that the AI method outperformed the traditional approach, offering more accurate
predictions of the coagulation area and better overall coverage of the tumor with a higher
Dice Score. This validation further underscores the potential of the Al method in enhancing
the precision and efficacy of HIFU treatment plans in clinical practice.

Table 6.8: Quantitative comparison between the proposed AI method and the conventional
approach.

Proposed Method Conventional Method
Trial No. MAE (mm?) Dice Score (%) MAE (mm?) Dice Score (%)
1 0.3693 96.55 7.5154 75.04
2 0.1529 99.47 11.2328 68.89
3 0.1039 99.92 9.3274 69.35
4 0.4481 96.10 5.6069 77.88
5 0.1982 98.92 6.2231 76.54

6.3 HIFU-Induced Lesion Segmentation

6.3.1 B-Mode Imaging Simulation

In this section, the qualitative outcomes achieved by the B-mode imaging simulation frame-
work proposed in this study for the task of HIFU lesion segmentation are presented and
analyzed in detail. The framework is designed to simulate the thermal effects of HIFU on
tissue, and its application in lesion segmentation provides critical insights into the treat-
ment’s precision. Fig. 6.18 visually depicts the thermal dose accumulation region induced
by HIFU simulation, which is displayed alongside the corresponding B-mode imaging sim-
ulation results. This visualization captures the progressive evolution of thermal effects on
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Figure 6.18: A series of frames from a simulation study, showcasing the progression and
visualization of thermal dose accumulation induced by HIFU and the corresponding B-
mode ultrasound images. Each frame sequentially reveals the development of the thermal
region and its detection via B-mode imaging, demonstrating the dynamic response of tissue
to HIFU therapy over time.

tissue as a result of HIFU exposure, allowing for a step-by-step examination of how thermal
energy is absorbed and propagated within the targeted area.

The sequence of images presented in Fig. 6.18 highlights the different stages of tissue
response to HIFU. Initially, the frames show minimal interaction between the ultrasound
waves and the tissue, characterized by little to no visible change in the tissue’s appearance.
As the exposure continues, the images reveal more pronounced thermal effects, demonstrat-
ing the gradual increase in energy absorption and thermal propagation. These changes are
clearly reflected in the B-mode simulation, which captures the dynamic interaction be-
tween the ultrasound waves and the tissue over time. As the thermal effects intensify, the
tissue’s appearance in the B-mode images evolves, offering a clear visual representation
of the lesion formation process. This progression provides valuable qualitative data for
understanding the relationship between HIFU-induced thermal effects and the resulting
tissue changes, ultimately aiding in the accurate segmentation of lesions.

The comparative analysis of the simulated thermal dose regions and the resultant B-
mode images offers valuable insights into the correlation between ultrasound energy depo-
sition and the observable changes in tissue structure. By juxtaposing the two, the evolving
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thermal dose regions serve as a clear indicator of the amount of energy absorbed by the
tissue, which is progressively visualized in the B-mode images. As the simulation pro-
gresses, the expansion of the thermal dose regions suggests an increasing concentration
of absorbed ultrasound energy, a trend that corresponds directly with the increasingly
highlighted areas in the B-mode images. These highlighted regions mark the areas where
significant tissue changes are occurring, offering a real-time visual representation of the
thermal effects induced by HIFU exposure.

This relationship between energy deposition and tissue alteration underscores the cru-
cial role of B-mode imaging in monitoring and evaluating tissue responses to HIFU. The
B-mode images not only reflect the immediate effects of energy absorption but also provide
a non-invasive tool to observe and track the dynamic changes in tissue structure throughout
the thermal therapy process. By capturing these changes with precision, B-mode imaging
enhances the ability to assess the efficacy of HIFU treatments, ensuring that the thermal
effects are accurately targeted and that the lesion formation process is closely monitored.
This integration of simulated thermal dose data with B-mode imaging results ultimately
strengthens the framework’s potential as a reliable method for observing the progression
and outcomes of thermal therapies.

The simulated images underscore the remarkable precision of HIFU in targeting specific
tissue areas while sparing the surrounding regions from unintended thermal effects. This
level of precision is essential for therapeutic applications, particularly in tumor ablation,
where minimizing collateral damage to healthy tissue is of paramount importance. In
clinical contexts, the ability to focus energy exclusively on the targeted lesion enhances
the safety and efficacy of treatments, making HIFU a highly valuable tool for non-invasive
therapies.

The clear delineation of treated areas, as evidenced in both the thermal dose simulation
and the B-mode images, confirms the accuracy and reliability of the simulation model. This
alignment between simulated thermal regions and their corresponding visualization in the
B-mode images validates the framework’s capacity to accurately predict tissue responses
under HIFU exposure. The consistency between these two forms of data reinforces the
relevance of this simulation model for real-world clinical applications, providing a robust
tool for visualizing and assessing the outcomes of HIFU treatments.

Furthermore, this precise targeting capability offers deeper insights into the biological
effects of HIFU on tissues, allowing researchers and clinicians to better understand the
nuances of energy deposition and tissue interaction. This understanding paves the way
for potential adjustments and optimizations in HIFU treatments, enabling practitioners
to fine-tune the parameters to achieve even more effective and controlled therapeutic out-
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Figure 6.19: A detailed evaluation of the proposed framework’s performance shows that the
red areas represent the actual lesion, while the green regions indicate the segmented areas.
Any discrepancies between the red and green regions in each sub-image are considered
errors in HIFU segmentation.

comes, particularly in complex cases such as tumor ablation. Ultimately, the integration
of simulation and imaging strengthens the case for HIFU as a safe, precise, and adaptable
modality in therapeutic applications.

6.3.2 Image Segmentation

Several visual instances of the segmentation results are illustrated in Fig. 6.19. Each
figure contains B-mode images captured before and after sonication, accompanied by the
predicted ablated regions highlighted in green. The ground truth boundary of the ablated
region is marked with red closed curves. Based on these visualizations, it becomes appar-
ent that the model excels in capturing both global and long-range semantic information
interactions, contributing to its superior segmentation outcomes. The ability to accurately
represent complex interactions across the entire image allows the model to generate precise
predictions of ablated areas in most cases.

However, when the model encounters boundary regions, some limitations emerge, as it
may exhibit both over-segmentation and under-segmentation. This issue can be attributed
to the fact that regions near boundaries often receive less sonication power compared to
other areas, leading to a lower degree of ablation and increased uncertainty in the model’s
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predictions. Consequently, this uncertainty can result in less accurate segmentation at
these boundaries. To address this challenge, a postprocessing step can be employed, which
excludes boundary regions from being classified as ablated, based on the specific treatment
strategies used. This step can help refine the overall segmentation accuracy by mitigating
the influence of boundary-related uncertainties.

An in-depth performance analysis of the proposed framework is presented in Fig. 6.20,
where areas of under-segmentation are highlighted by orange pixels, indicating regions
where the model failed to accurately predict the ablation. On the other hand, accurately
segmented regions are represented by yellow pixels, while areas that were over-segmented
are indicated by green pixels. This detailed analysis provides further insights into the
strengths and limitations of the model in different regions of the images.

Furthermore, a quantitative evaluation of the proposed segmentation framework is pro-
vided in Table 6.9, where metrics such as Mean Absolute Errors (MAE) and Dice Scores
are reported for five distinct sonications. Despite the limited amount of training data avail-
able, the model achieves noteworthy performance. Specifically, the proposed framework
attains an average MAE of 0.039 and an average Dice Score of 94.34%, demonstrating its
ability to accurately segment ablated regions. Additionally, the model’s average segmen-
tation time during test-time is 2144 milliseconds, making it a highly desirable solution for
real-time applications, where rapid and reliable segmentation is crucial for effective treat-
ment. This combination of high accuracy and fast processing time highlights the potential
of the segmentation framework for real-world clinical scenarios.

Table 6.9: The results present the performance evaluation of the proposed segmentation
framework. Each row summarizes an experiment, detailing the mean absolute errors and
dice scores to assess the framework’s performance.

Sonication Mean Absolute Error Dice Score

1 0.053 92.96%
2 0.045 91.85%
3 0.026 96.00%
4 0.027 96.32%
5} 0.042 94.57%
Average 0.039 94.34%
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Pre-Ablation Post-Ablation Segmentation

Figure 6.20: A detailed evaluation of the proposed framework’s performance for ez vivo
experiment shows that the blue areas represent the actual lesion, while the yellow regions
indicate the segmented areas. Any discrepancies between the blue and yellow regions in
each sub-image are considered errors in HIFU segmentation.
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Chapter 7

Conclusion and Future Work

7.1 PINN-Based HIFU

This study introduces a comprehensive and innovative deep learning framework based on
PINN for the precise 3D simulation of FUS ablation in breast tissue. The framework
is designed to accurately replicate essential physical parameters involved in the ablation
process, including acoustic pressure, sound intensity, temperature distribution, and the
extent of necrotic tissue generated during treatment. Our model was meticulously validated
through comparisons with existing numerical data and FEM simulations, showing strong
alignment and demonstrating its reliability in reproducing realistic FUS ablation effects
within an anatomically accurate breast phantom.

The simulation results reveal that using a bowl-shaped acoustic transducer can effec-
tively concentrate ultrasound waves on the tumor site, creating a focal point that raises the
local temperature sufficiently to induce extensive tumor cell necrosis. This focused heating
effect confirms the potential of FUS as a non-invasive therapeutic approach for breast can-
cer treatment, where precision in targeting and controlling ablation zones is crucial. Our
findings not only underscore the capability of PINN-based models in medical simulation
but also highlight the potential for applying deep learning to improve the accuracy and
efficiency of personalized, non-invasive cancer therapies.

In our study, we explored a clinically relevant approach that addresses multiple tu-
mor lesions simultaneously, aiming to achieve a more uniform temperature distribution
across the treatment area and enhance the effectiveness of tumor ablation. This approach
demonstrates the significant advantages of 3D simulations over traditional 2D models, as
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3D models can more accurately capture the complex dynamics involved in FUS ablation
processes, including the interaction between multiple lesions and surrounding tissues.

Our deep learning model, built on this 3D framework, offers promising capabilities for
personalized treatment planning, potentially transforming clinical outcomes by providing
precise, patient-specific predictions of temperature elevation and ablation zones. This
level of precision is critical for optimizing FUS treatments, ensuring targeted ablation with
minimal impact on surrounding healthy tissue.

However, the model’s effectiveness hinges on several factors, including the quality and
diversity of the training data used to develop it. For the model to be truly effective and gen-
eralizable to a wide range of patient cases, it requires rigorous testing, extensive validation,
and adaptation to diverse anatomical variations and tumor characteristics. Additionally,
before implementation in clinical settings, the model must undergo thorough clinical trials
to confirm its safety, reliability, and efficacy across different patient populations. This care-
ful and systematic approach to validation will be essential for translating our deep learning
framework from research to real-world applications in FUS-based cancer treatment.

Future research efforts should prioritize expanding the dataset to include a broader
range of patient anatomies, tumor characteristics, and treatment scenarios, enhancing the
model’s robustness and generalizability. Improving model interpretability is also crucial,
as it would allow clinicians to better understand the decision-making processes within
the model, fostering greater confidence in its predictions and promoting its acceptance in
clinical environments. Additionally, seamlessly integrating this model into existing clinical
workflows is essential, as it would enable real-time, data-driven treatment planning and
decision support during FUS procedures.

To ensure the model’s long-term utility in clinical settings, a framework for continuous
monitoring and adaptation should be developed. This would involve routinely updating the
model based on new patient data and outcomes, enabling it to evolve alongside advance-
ments in medical knowledge and technology. Such an adaptive approach would not only
maintain the model’s relevance over time but also enhance its effectiveness and reliability
in providing personalized, precise FUS ablation treatments in diverse clinical scenarios.

7.2 Presurgical Planning

HIFU offers a promising, minimally invasive approach for cancer treatment by using focused
ultrasound waves to thermally ablate tumor tissue without the need for surgical incisions.
However, one of the major challenges in HIFU therapy lies in the precise targeting of the
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ultrasound beam. Accurate beam focusing is essential to selectively destroy tumor cells
while preserving surrounding healthy tissue, a requirement that demands thorough and
meticulous preoperative planning.

Traditionally, treatment planning for HIFU has relied on manual or semi-automated
methods, where clinicians adjust parameters and positions to optimize targeting. While
effective, these methods are both time-intensive and computationally demanding, often in-
volving complex simulations and iterative adjustments. This not only prolongs the prepara-
tion time for each patient but also places a considerable burden on computational resources.

In response to these limitations, there is a growing interest in the development of
fully automated treatment planning techniques. Automated planning has the potential to
significantly streamline the process, making it faster, more efficient, and potentially more
accurate by reducing human error. Advanced algorithms and machine learning models
could analyze patient-specific data, including tumor size, shape, and location, to generate
optimal treatment plans with minimal intervention from clinicians. By simplifying and
accelerating the planning phase, fully automated approaches could facilitate wider adoption
of HIFU, improve patient outcomes, and support a more personalized approach to cancer
treatment.

This study presents a novel optimization technique based on deep learning for enhancing
the precision and effectiveness of HIFU in tumor ablation. By incorporating deep learning
into the HIFU treatment planning process, the approach achieved impressive outcomes,
with inaccurately treated or untreated areas constituting only 0.06 percent of the total
treatment area. This minimal level of error highlights the potential of deep learning to
create treatment plans that are nearly optimal, effectively balancing tumor coverage and
preservation of surrounding healthy tissue.

One of the primary benefits of this deep learning-based method is its simplicity and
efficiency. Unlike traditional planning approaches that may require complex, multi-step
processes, this technique requires only a patient’s anatomical map along with data speci-
fying the target region and areas to avoid. The neural network then automates the rest of
the planning process, optimizing treatment parameters and beam positioning to maximize
therapeutic impact while minimizing harm to healthy tissue. This streamlined, automated
approach not only reduces planning time but also minimizes the reliance on extensive clin-
ician intervention, making it a powerful tool for enhancing the accessibility and accuracy
of HIFU tumor ablation treatments.

This study showcases the promise of an Al-based algorithm in optimizing HIFU treat-
ment parameters for the safe and effective ablation of breast tumors. Utilizing ML tech-
niques, the proposed method dynamically adjusts sonication points and key parameters
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in real-time, resulting in significantly reduced treatment time and enhanced precision in
targeting tumor tissue. This adaptive approach helps to streamline the treatment process,
allowing for more accurate energy delivery that conforms closely to the intended ablation
zone while minimizing the risk of damage to surrounding healthy tissue.

Experimental validation conducted on bovine liver tissue demonstrated a strong cor-
relation between the planned ablation regions and the actual treated areas, emphasizing
the accuracy and robustness of this approach. The high level of agreement between the
intended and achieved outcomes highlights the potential of this Al-driven technique to
improve the reliability and efficacy of HIFU treatments. By automating the adjustment
of sonication parameters based on real-time feedback, this method could pave the way for
more precise, efficient, and personalized cancer treatments, making HIFU a more accessible
and effective option in clinical oncology.

7.3 Lesion Segmentation

This project introduces an innovative real-time ablation segmentation framework designed
for use during HIFU surgeries. The framework processes B-mode ultrasound images cap-
tured before and after HIFU sonications, utilizing them to accurately segment the ab-
lated lesions in near real-time. By creating a three-channel tensor that combines pre- and
post-sonication images with their matrix difference, the framework provides input to a
Swin-Unet network, which performs precise segmentation of the ablated areas.

To overcome the challenge of limited training data, the framework leverages both sim-
ulated and real B-mode images specific to HIFU therapy, expanding the dataset and im-
proving model performance. Experimental validation conducted on chicken breast tissue
demonstrated high segmentation accuracy, underscoring the framework’s potential effec-
tiveness. Notably, this approach is, to the best of our knowledge, the first to address the
problem of real-time lesion segmentation during HIFU procedures. This pioneering frame-
work could significantly enhance the precision and safety of HIFU treatments by providing
clinicians with reliable, real-time visualization of ablated regions, aiding in monitoring and
adjusting the procedure as needed.

7.4 Limitations and Future Work

While our study provides a comprehensive simulation of FUS ablation using a PINN model,
it is essential to recognize certain limitations that may impact the overall accuracy and
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applicability of the findings. One significant limitation lies in the use of the traditional
Pennes Bioheat Equation to model thermal effects, as this approach assumes homogeneous
or isotropic blood perfusion throughout the tissue. Such assumptions may not accurately
represent the true biological conditions, given that breast tissue, especially within and
around tumors, often exhibits heterogeneity and anisotropy in blood perfusion. These
factors can lead to variations in heat transfer dynamics, affecting the accuracy of simulated
ablation effects. Recent studies have proposed modifications to the Pennes equation to
better account for spatial variability in blood perfusion rates [119, ]. This is particularly
relevant in areas of tumor hypoxia, where reduced blood flow can alter the deposition of
thermal energy, lowering the tissue’s responsiveness to ablation treatments.

Additionally, the current model assumes linear acoustic propagation for FUS waves,
which simplifies the acoustic behavior within the tissue but may not fully capture the
complexities inherent to real-world conditions. In practice, FUS waves can exhibit nonlin-
ear propagation characteristics, especially in high-intensity focused ultrasound treatments.
These nonlinear effects can cause significant deviations in pressure distribution and influ-
ence the temperature rise at the focal point of the ultrasound beam. Such discrepancies
between the simulated linear model and the actual nonlinear acoustic behavior may re-
sult in deviations between predicted and actual acoustic pressure values in high-intensity
regions. These differences highlight the need for further research to refine our model to
incorporate nonlinear effects, which could enhance its predictive power and improve the
precision of simulated ablation outcomes.

Furthermore, it is crucial to account for the continuous regenerative capacity of living
tissues due to oxygen supply from arterial blood, which serves to counterbalance thermal
degradation under quasi-static thermal conditions. In biological tissues, heating can result
in either reversible (repairable) thermal damage, where cells recover function after expo-
sure, or irreversible (lethal) thermal cell death, which permanently impairs or destroys
cellular structures. At the critical interface between tumor and surrounding healthy tissue,
the regeneration of healthy cells plays an essential role in triggering immune responses that
actively work to suppress, prevent, and limit thermal damage within tolerable bounds, such
that the thermal damage coefficient remains within 2 < 1. This immune-triggered, par-
tial self-regeneration at the tumor periphery, driven by an ongoing supply of oxygen and
nutrients, acts as a protective mechanism to preserve surrounding tissue integrity. Conse-
quently, this regenerative effect should be factored into models of thermal damage kinetics,
as it introduces a dynamic layer of tissue response that can influence the predicted extent
and effectiveness of thermal ablation, especially near the tumor boundary.

The current bio-heat model does not fully capture the influence of large blood vessels
and thermal relaxation in biological tissues, both of which play crucial roles in heat transfer.
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Large blood vessels act as heat sinks, rapidly dissipating thermal energy and altering
the spatial distribution of heat, particularly around vascularized regions. This effect can
significantly impact temperature gradients, reducing the precision of simulated thermal
fields. Thermal relaxation, on the other hand, addresses the time delay in heat conduction
through tissues, reflecting the non-instantaneous response of biological matter to thermal
changes. Ignoring these factors introduces potential inaccuracies, as they can lead to
overestimations or underestimations of thermal effects in both tumor and surrounding
tissues.

To improve the accuracy and clinical relevance of our simulations, future work should
aim to incorporate a modified bioheat equation into the PINN framework, accounting for
heterogeneous blood perfusion, the cooling influence of large blood vessels, and thermal
relaxation effects. By refining the model with these elements, we can achieve a more realis-
tic representation of thermal energy distribution across tissues. This enhanced framework
would allow for a more nuanced analysis of thermal ablation’s impact on tumors and sur-
rounding healthy tissues, offering valuable insights to optimize FUS treatment protocols.

While the current model shows strong generalization within the scope of the training
data, future work will aim to extend its applicability across a wider spectrum of breast
anatomies and tumor types. This enhancement will involve expanding the dataset by in-
corporating additional 3D models from datasets like UWCEM and patient-specific, MRI-
derived models that represent variations in breast density, tumor size, and location. By
including a diverse range of anatomical scenarios, the model can better address the vari-
ability encountered in clinical settings.

To further improve adaptability, transfer learning techniques will be applied, enabling
the model to efficiently adapt to new clinical cases without requiring extensive retraining.
Additionally, data augmentation strategies will be employed, simulating variations in tissue
properties and tumor characteristics to enrich the dataset and capture a broader range
of physiological differences. Finally, rigorous testing on a variety of clinical cases will
be conducted to validate the model’s generalization capabilities, ensuring robustness and
reliability in real-world applications. These efforts will collectively enhance the model’s
clinical relevance and utility in supporting tailored treatment planning for diverse patient
profiles.

Our PINN-based solution efficiently operates within a mesh-free domain, presenting a
simplified framework that provides initial insights into the FUS ablation process. However,
we acknowledge that this model currently falls short of capturing the full complexity of
real-world FUS therapy scenarios. Future work will emphasize expanding the model to
account for a more comprehensive set of tissue properties, including variations in tissue
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density, acoustic impedance, and perfusion rates, as well as patient-specific anatomical
features. Integrating these elements will enable the model to better reflect individual
physiological conditions, such as blood flow dynamics and localized temperature changes,
thereby enhancing its relevance in clinical applications.

Furthermore, by incorporating advanced modeling techniques and adaptive learning
approaches, we aim to significantly improve the predictive power of our deep learning
platform for FUS ablation therapies. Expanding the model’s scope to include other types of
cancer will not only broaden its applicability but also support more personalized treatment
protocols, ultimately helping to advance the field of non-invasive cancer therapies. Through
these enhancements, our PINN framework will become a more robust and clinically viable
tool for predicting and optimizing FUS outcomes across diverse clinical scenarios.
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