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Resumo

A neurocirurgia de tumores cerebrais depende fortemente de sistemas de neuronavegação para

guiar o neurocirurgião na localização precisa de tumores e estruturas anatómicas adjacentes, se-

gundo o seu pré-planeamento cirúrgico. Estes sistemas localizam os instrumentos cirúrgicos em

relação à posição real da anatomia do paciente no bloco operatório e às imagens pré-operatórias.

No entanto, este alinhamento torna-se progressivamente mais difı́cil devido ao fenómeno conhe-

cido como brain shift, ou desvio cerebral, que corresponde a deformações não lineares do tecido

cerebral. Estas deformações são induzidas por fatores fı́sicos, cirúrgicos e biológicos, como a ação

da gravidade, a perda de lı́quido cefalorraquidiano, a remoção de tecido tumoral e alterações na

pressão intracraniana. Mesmo desvios da ordem de poucos milı́metros podem comprometer sig-

nificativamente a precisão da neuronavegação, aumentando o risco de remoções incompletas do

tumor ou de danos a tecidos saudáveis. Assim, a compensação destes desvios cerebrais constitui

um dos principais desafios na neurocirurgia guiada por imagem.

A compensação dos efeitos do desvio cerebral nas imagens utilizadas na neuronavegação é

geralmente abordada através de algoritmos de registo (alinhamento) de imagens. Para aumentar

a precisão e robustez da neuronavegação e do registo de imagens, modalidades intraoperatórias

são utilizadas em alguns centros hospitalares, recorrendo ao uso de ultrassons intraoperatórios ou

de ressonância magnética intraoperatória. Apesar da sua eficácia, estas abordagens apresentam

limitações práticas importantes, incluindo, no caso do ultrassom, dificuldades associadas à qua-

lidade da imagem e à sua interpretação e, no caso da ressonância magnética, custos elevados,

necessidade de infraestruturas especializadas e interrupções ao fluxo cirúrgico.

Métodos de registo baseados em aprendizagem profunda têm demonstrado grandes avanços,

permitindo inferências rápidas e eliminando a necessidade de otimizações iterativas para cada pa-

ciente, como é comum em métodos tradicionais. Contudo, muitas destas abordagens dependem de

dados intraoperatórios de alta qualidade, apresentam dificuldades em cenários de alinhamento en-

tre imagens de modalidades diferentes e podem estimar deformações fisicamente implausı́veis

quando não são devidamente regularizadas. Uma alternativa consiste em utilizar métodos de

registo baseados na obtenção de correspondências esparsas, nos quais um conjunto limitado de

pontos anatómicos, ou de interesse, é identificado e emparelhado entre imagens pré- e intraope-

ratórias. Os desvios cerebrais entre esses pontos correspondentes nas imagens permitem efetuar

a interpolação de um volume tridimensional denso com desvios que são a base para efetuar o re-

gisto. Estes métodos são particularmente robustos a grandes deformações, alterações topológicas
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induzidas pela remoção de tecido tumoral e aos campos de visão limitados proporcionados pelos

ultrassons, além de serem mais compatı́veis com aplicações de registo em tempo real. No entanto,

a interpolação destes desvios esparsos depende, geralmente, de interpoladores geométricos sim-

ples, como interpolações lineares ou thin-plate splines, que ignoram as propriedades biomecânicas

do tecido cerebral. Consequentemente, as deformações resultantes não seguem princı́pios fı́sicos

que levem em consideração a força da gravidade, a flexibilidade e o possı́vel colapso de tecidos e

forças de compressão ou extensão.

Sendo assim, esta dissertação propõe uma nova abordagem baseada em aprendizagem pro-

funda guiada pela fı́sica com vista a melhorar a precisão e robustez de métodos de registo de

imagens médicas quando são usados dados intraoperatórios esparsos. A hipótese central é que

um modelo de aprendizagem profunda, treinado com supervisão proveniente de simulações bio-

mecânicas realistas, pode atuar como um “interpolador” avançado capaz de refinar interpolações

iniciais de desvios obtidos a partir de correspondências esparsas e interpoladores geométricos em

volumes densos de desvios biomecanicamente plausı́veis. O objetivo é alcançar um compromisso

eficaz entre precisão, realismo biomecânico e eficiência computacional, tornando o método ade-

quado para a integração em sistemas de neuronavegação intraoperatórios.

Para concretizar esta abordagem, foi desenvolvido um fluxo de trabalho completo que combina

modelação biomecânica do cérebro, geração de dados sintéticos, deteção de pontos de interesse es-

parsos e dos seus respetivos desvios e aprendizagem profunda. Primeiramente, foi construı́da uma

base de dados de deformações cirúrgicas sintéticas a partir de imagens de ressonância magnética

pré-operatórias reais. Para cada caso, foi gerada uma geometria especı́fica do paciente e atribuı́das

propriedades mecânicas aos diferentes tecidos e componentes cerebrais (parênquima, ventrı́culos e

tumor), recorrendo a um modelo biomecânico hiperelástico e a um método numérico sem geração

de malhas estruturadas (meshless). Estas deformações foram simuladas de forma a produzir des-

vios realistas, induzidas por variações na direção do vetor da gravidade ou na localização do ponto

de entrada cirúrgico, servindo como ground truth, ou verdades, para a aprendizagem do modelo.

Em segundo lugar, foram automaticamente detetados pontos (voxels, em 3D) de interesse nas

imagens pré-operatórias utilizando o algoritmo 3D scale-invariant feature transform (SIFT), um

algoritmo de deteção de pontos de interesse invariantes tanto a rotações como a variações de escala

da imagem, e associados a estes os seus respetivos desvios obtidos nas simulações biomecânicas.

Este procedimento permitiu gerar pares de dados de compostos por um conjunto de desvios co-

nhecidos em locais esparsos da imagem e o correspondente tensor denso de desvios simulados,

constituindo assim um conjunto de treino supervisionado adequado para aprendizagem guiada

pela fı́sica.

O cerne da abordagem proposta é o desenvolvimento de um interpolador profundo guiado

biomecanicamente baseado numa arquitetura residual do tipo 3D U-Net. O modelo recebe como

sinal de entrada a imagem pré-operatória e um tensor de desvios inicial obtido por interpolação

geométrica simples da informação esparsa associada aos pontos de interesse. A rede neuronal é

treinada para prever uma correção residual que refina a interpolação inicial, aproximando-a de um
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tensor de desvios biomecanicamente realistas. Esta formulação residual simplifica o processo de

aprendizagem ao restringir a rede à modelação de correções locais sobre uma estimativa inicial

plausı́vel, promovendo uma convergência mais estável e eficiente. Ao explorar explicitamente o

conhecimento prévio dos interpoladores geométricos, o modelo concentra-se na incorporação de

efeitos biomecânicos não lineares, aumentando a robustez e a plausibilidade fı́sica dos desvios

estimados.

A avaliação experimental do método foi realizada por comparação quantitativa entre as pre-

visões da rede neuronal e as verdades sintéticas obtidas pelas simulações biomecânicas de um con-

junto de dados de validação, enquanto que a avaliação qualitativa foi efetuada entre as simulações

biomecânicas e imagens intraoperatórias de ressonância magnética de casos cirúrgicos reais. Além

disso, o desempenho do método foi diretamente comparado com interpoladores geométricos sim-

ples para avaliar o efeito do processo de refinamento proposto. Os resultados demonstram que

o interpolador proposto supera consistentemente a utilização exclusiva de interpoladores simples,

tanto em termos de erro médio de desvio como na preservação de propriedades fı́sicas desejáveis.

Estudos de ablação evidenciam a importância das escolhas da arquitetura da rede, da formulação

residual e dos mecanismos de regularização na obtenção de resultados robustos. Estas melho-

rias são alcançadas com um custo computacional marginal, mantendo tempos de inferência com-

patı́veis com aplicações intraoperatórias em tempo real.

Do ponto de vista clı́nico, a abordagem apresentada oferece várias vantagens. Ao depen-

der apenas de informação esparsa, reduz a necessidade de aquisição de imagens intraoperatórias

de alta qualidade, tornando-se potencialmente aplicável em ambientes com recursos limitados.

A integração de conhecimento biomecânico no processo de aprendizagem da rede neuronal au-

menta a plausibilidade fı́sica das deformações estimadas, contribuindo para maior confiança na

atualização da neuronavegação durante o decorrer da cirurgia quando métodos de registo basea-

dos em pontos de interesse esparsos são empregados para a compensação de desvios cerebrais. E,

para além disso, o carácter modular do interpolador permite a sua integração no fluxo de métodos

de registo já existentes durante a etapa de interpolação sem necessidade de reformular completa-

mente o processo.

Em suma, esta dissertação introduz um novo paradigma para a interpolação de dados intrao-

peratórios esparsos em mecanismos de registo e compensação de desvios cerebrais. A principal

contribuição reside na demonstração de que é possı́vel para uma rede neuronal aprender, a partir

de simulações fı́sicas, um modelo eficiente e preciso que atua como um elo entre interpoladores

geométricos simples e abordagens biomecânicas complexas. Este trabalho avança o estado da arte

no registo de imagens neurológicas intraoperatórias e estabelece bases sólidas para investigações

futuras, incluindo a validação em uma maior quantidade de dados clı́nicos, a sua integração em

métodos de registo já existentes e a sua extensão para cenários multimodais complexos.

Palavras-chave: aprendizagem profunda informada por fı́sica, desvio cerebral, interpolação de

pontos de interesse esparsos, modelação biomecânica, registo de imagens médicas
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Abstract

Accurate neuronavigation in brain tumor surgery relies on the alignment between pre-operative

imaging and the patient’s intra-operative anatomy. This alignment is severely compromised by

brain shift, a complex and non-linear deformation caused by several factors, including gravity,

cerebrospinal fluid loss, and tissue resection. Existing image registration approaches often require

access to dense and high-quality intra-operative data or computationally expensive biomechani-

cal simulations, limiting their practicality in real-time surgical workflows. Registration methods

relying on sparse keypoints offer a promising alternative but typically rely on simple geometric

interpolators that ignore the biomechanical behavior of brain tissue to estimate dense displacement

fields, resulting in physically implausible deformations.

This thesis proposes a physics-guided deep learning framework that acts as an advanced in-

terpolator of sparse displacement information for brain shift correction. The method integrates

data-driven learning with biomechanical modeling by training a residual 3D U-Net-based network

to refine initial displacement fields derived from sparse matched keypoints. Supervision is pro-

vided by a large-scale dataset of deformations generated through patient-specific biomechanical

simulations, ensuring that the learned deformations are biomechanically consistent. The proposed

network is designed to be modular, efficient, and compatible with existing keypoint-based regis-

tration pipelines that require minimal intra-operative data.

Experimental results evaluated the simulated intra-operative brain deformations and the refine-

ments estimated by the proposed network, demonstrating that the proposed approach significantly

outperforms standard interpolation techniques, such as linear and thin-plate spline methods, in

terms of displacement accuracy and physical plausibility. The network refines these initial in-

terpolations by incorporating learned physical priors, enabling the generation of biomechanically

plausible deformations within an image registration pipeline. These improvements are achieved

with negligible computational overhead, supporting real-time applicability. Overall, the work de-

tailed in this thesis advances the state of the art in keypoint-based data-driven brain registration by

bridging the gap between biomechanical realism and deep learning efficiency.

Keywords: biomechanical modeling, brain shift, medical image registration, physics-informed

deep learning, sparse keypoint interpolation
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Chapter 1

Introduction

1.1 Neuro-Oncology and Image-Guided Neurosurgery

Brain cancer is a complex and life-threatening condition characterized by the abnormal growth

of cells within the brain or surrounding tissues. These tumors can disrupt critical brain func-

tions, making early detection and effective treatment essential. According to recent statistics in

the United States [1, 2], 73% of all primary brain and central nervous system (CNS) tumors are

non-malignant, while 27% are malignant. The most common form of non-malignant primary

brain tumor is meningioma, accounting for 41% of all primary brain tumors and 57% of all non-

malignant tumors. In contrast, glioblastoma is the most common form of malignant brain tumor,

representing 14% of all primary brain tumors and 52% of all malignant tumors. Although the

overall chance that a person will develop a malignant brain tumor in their lifetime is less than 1%,

the average five-year relative survival for malignant brain and CNS tumors is 36%. This estimate

worsens for glioblastoma, where the five-year relative survival rate is 5%, with a median survival

of 12-15 months, classifying it as the most lethal form of brain tumor in adults.

Standard treatment approaches, including surgery in conjunction with chemotherapy and ra-

diation therapy, have significantly improved the survival of these patients. In particular, patients

who undergo complete or maximal safe tumor resection significantly increase their survival rate

compared to those who do not or those who undergo partial resection, making the extent of tumor

resection the main prognostic factor for survival [3–5]. Therefore, discriminating between normal

and cancerous tissue and identifying critical regions of interest is an essential step in achieving the

finest surgical resection and improved survival rates [6, 7]. This need drives the development and

adoption of advanced imaging and surgical technologies, such as neuronavigation.

1.1.1 Neuronavigation of Brain Tumors

Neuronavigation systems were introduced as an evolution of stereotactic surgery [8], which began

in the early 20th century as a method to target specific brain regions using rigid frames and external

coordinates. With advances in imaging technologies in the late 1980s [9] and 1990s [10], such as

computed tomography (CT) and magnetic resonance imaging (MRI), frameless neuronavigation

emerged, allowing for more flexible, accurate, and real-time guidance during surgery.

1
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The brain can be conceptualized as a geometric volume divided into three orthogonal spatial

planes (coronal, axial, and sagittal), where any point can be defined by its spatial position rela-

tive to these planes. Neuronavigation systems exploit this geometric representation by register-

ing (i.e., aligning) the patient’s physical anatomy to the corresponding coordinate system derived

from three-dimensional medical imaging, which is typically visualized on a computer worksta-

tion [11]. Surgeons plan their surgical approach and define resection boundaries pre-operatively,

aiming to reduce the risk of damage to surrounding healthy brain tissue while achieving maximal

tumor resection [12, 13]. During surgery, these systems serve as point-to-point maps that cor-

relate digital coordinates with physical locations within the brain, providing real-time guidance

through continuous tracking of surgical instruments relative to the mapped brain coordinates to

improve the precision of tumor localization and resection. The reliability of intra-operative guid-

ance depends on the precise alignment of the pre-operative imaging, where planning was made,

and the patient’s current anatomical state. However, this alignment is frequently hindered by vari-

ous dynamic intra-operative changes in brain anatomy, which introduce spatial discrepancies that

compromise neuronavigation [14].

1.1.2 Brain Shift

As surgery progresses, the effectiveness of neuronavigation diminishes due to non-linear defor-

mations of the brain tissues, referred to as brain shift, which introduce discrepancies between the

physical anatomy in the operating room (OR) and the pre-operative planning [14,15] (Figure 1.1).

A typical shift of approximately 1–2 mm at the start of a case can drift to 4–6 mm, and cortical

surface displacements exceeding 20 mm have been reported in long resections [16,17]. This high-

lights the need for the development of advanced techniques for intra-operative image updating and

brain shift compensation.

The phenomenon of brain shift is typically induced by three major factors: (1) physical, (2)

surgical, and (3) biological. (1) Physical factors mainly involve patient positioning and the influ-

ence of gravity. Although patients are typically supine during surgery, the head is often rotated to

provide better access to the surgical site, which may differ from the position adopted during pre-

operative imaging acquisition. This difference in positioning can lead to misalignments between

pre-operative images and the intra-operative anatomy, as gravity exerts a downward force on brain

tissue, contributing to tissue sagging, especially in unsupported areas near resection sites [18, 19].

(2) Surgical factors include both mechanical and procedural influences. Changes in the hardware

of the neuronavigation system, such as adjustments to clamps or external markers, can cause dis-

placement. Likewise, the use of surgical tools, such as skin retractors and drills, applies significant

force to the head, potentially shifting it relative to the reference imaging [16]. Directly related to

the effects of gravity, the extent of tumor resection amplifies brain shift, as tissue removal cre-

ates unsupported spaces that can cause the surrounding tissue to sag or expand due to elastic

recovery [19]. Fluid loss, particularly cerebrospinal fluid (CSF), also plays a key role. Cere-

brospinal fluid evacuation, either intentionally induced by the surgeon or due to natural leakage
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Figure 1.1: Neurosurgical workflow from preoperative assessment through postoperative care,
including intraoperative phases. (A) Image Acquisition: Following clinical evaluation and dis-
cussion of treatment options, preoperative imaging is acquired. (B) Surgical Planning: Multi-
sequence magnetic resonance imaging (MRI) is the primary imaging modality used to delineate
tumor boundaries and assess the proximity of eloquent and critical brain areas. Additional modali-
ties, such as computed tomography, functional MRI, or diffusion MRI, may be incorporated when
needed to guide individualized surgical plans and resection goals. (C) Neuronavigation and Mi-
croscopy: In the operating room, patient-to-image registration aligns the patient’s anatomy with
the preoperative imaging, establishing a common coordinate system for neuronavigation. The in-
cision and craniotomy are planned and executed to provide surgical access to the lesion, while neu-
ronavigation and operative microscopy provide continuous image-guided visualization throughout
the resection. (D) Intraoperative Ultrasound: Ultrasound is employed at critical points: pre-dural
to confirm tumor access, post-dural to delineate margins and assess brain shift, and at intervals dur-
ing resection to monitor for residual tumor. Green stars indicate the same location across imaging
modalities and time points. (E) Intraoperative MRI: Intraoperative MRI assesses the extent of
resection and brain shift. If there is residual tumor present, additional targeted resection is guided
by updated MRI data alongside ultrasound and microscopy, before closure. (F) Postoperative Re-
covery: Patients undergo immediate postoperative clinical care and imaging to evaluate the final
extent of resection and screen for postoperative complications. (G) Pathology, Adjuvant Therapies
and Serial Imaging: Pathology informs adjuvant therapy decisions, and serial MRI with ongoing
clinical follow-up monitors for recurrence and optimizes long-term management.

after craniotomy, reduces intracranial pressure, allowing the brain to relax and deform under its

own weight [20]. (3) Biological factors influencing brain shift include the type of tumor and the

use of drugs to manage intracranial pressure during surgery. Different pathologies (e.g., menin-

giomas vs. glioblastomas) are associated with varying degrees of brain shift due to differences in

size, location, and biomechanical impact [21]. The presence or absence of edema also significantly

affects the extent and direction of brain shift, as it alters tissue dynamics. In addition, the mannitol

drug is commonly administered during neurosurgical procedures to manage intracranial pressure

caused by tumor masses or edema [22, 23]. Mannitol effectively reduces pressure by removing

excess fluid from the brain, but it can also contribute to brain shift by inducing changes in tissue



Chapter 1. Introduction 4

properties and fluid balance.

These combined effects make maintaining accurate neuronavigation during surgery increas-

ingly challenging. To alleviate this problem, intra-operative imaging such as ultrasound (US) or

MRI is acquired. Intra-operative magnetic resonance imaging (iMRI) provides high-resolution

imaging that allows the detection and quantification of brain deformations, allowing easier reg-

istration of neuronavigation plans based on pre-operative magnetic resonance imaging (preMRI)

data [12, 24, 25]. Despite this, its widespread use is often limited by the high costs, the need

for specialized infrastructure, and the disruption of surgical workflows affecting patient safety.

Intra-operative ultrasound (iUS) presents a viable alternative to intra-operative magnetic resonance

imaging (iMRI), as it is more accessible, cost-effective, and easier to integrate into surgical proce-

dures [26–28]. However, intra-operative ultrasound (iUS) has limitations in image quality, such as

noise, artifacts, lower contrast and resolution, and a different image profile that makes it harder to

interpret and register to preMRI data. Careful image processing and analysis, and highly trained

professionals are required to identify anatomical features that can be matched between these two

differing modalities to allow robust registration.

1.1.3 Image Registration for Brain Shift Correction

Image registration is a fundamental task in image-guided surgery, enabling the spatial alignment

of pre-operative data with the intra-operative anatomy. To compensate for brain shift, a wide

range of registration methods leveraging intra-operative imaging modalities such as iMRI and iUS

have been proposed, including learning-based [29–32] and non-learning-based [33–35] methods.

These techniques typically align pre- and intra-operative images by optimizing intensity-based

similarity metrics (see Section 2.1 for more information on image registration). However, they

often struggle in challenging registration scenarios involving (1) large intensity distribution gaps

between pre- and intra-operative modalities (e.g., preMRI to iUS), (2) large deformations, and (3)

topological changes due to tissue resection. Keypoint-based registration methods are a competitive

alternative that try to address these limitations [36–39]. By relying on sparse correspondences

rather than voxel-wise similarity, these methods are robust to large deformations, partial fields of

view, and topological changes. They also offer interpretable outputs, as matched keypoints can

be directly visualized and assessed. However, keypoint-based methods typically rely on simple

geometric interpolators, such as splines or linear models, to propagate sparse displacements into

dense displacement fields. These interpolators ignore the biomechanical behavior of brain tissues,

which can lead to physically unrealistic deformations.

1.2 Motivation and Objectives

The following hypothesis arises: a physics-guided deep learning (DL) framework can act as an

advanced interpolator of sparse intra-operative data, refining preliminary displacement estimates

into biomechanically consistent deformations for realistic brain shift compensation. This thesis

aims to advance image registration for brain shift correction by introducing an efficient method
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that can be integrated into keypoint-based registration frameworks as a module capable of de-

noising an initial interpolated displacement field into a dense displacement field that leads to

physically plausible deformations with minimal intra-operative data requirements. Sparse key-

points are particularly advantageous for real-time surgical workflows since they mitigate the de-

pendency on resource-intensive intra-operative data while effectively capturing critical anatomical

variations. In contrast to numerous existing methodologies that either require dense and high-

quality intra-operative data, depend on computationally expensive iterative optimizations, or rely

on biomechanical simulations, this approach utilizes synthetic biomechanically plausible displace-

ment fields as supervision during training. By integrating data-driven learning with physics-based

modeling, the proposed method closely aligns with actual tissue behavior, ensuring realistic defor-

mations without compromising computational efficiency. This renders it especially appropriate for

incorporation into existing intra-operative neuronavigation systems, where it is crucial to maintain

a balance between accuracy, speed, and usability. Additionally, the minimal reliance on extensive

intra-operative imaging renders this method adaptable to surgical settings with limited resources.

Thus, in this work, a novel DL framework for estimating dense displacements that produce

physically plausible brain deformations from sparse matched keypoints between pre- and intra-

operative images is proposed. First, a large-scale dataset of synthetic brain deformations produced

by biomechanical simulations was constructed. Second, matched keypoints were simulated by

extracting keypoints from the pre-operative imaging using a scale-invariant feature detector and

descriptor and pairing them with the corresponding ground-truth displacements. Third, a deep

biomechanically-guided interpolator based on a residual 3D U-Net architecture that refines stan-

dard interpolation estimates using the pre-operative data was developed. Finally, extensive exper-

iments were conducted on the simulated brain deformations, significantly outperforming standard

geometric interpolation methods in terms of displacement error and physical plausibility with neg-

ligible computational overhead.

1.3 Contributions of this Thesis

This thesis makes both methodological and scientific contributions to the problem of brain shift

correction in image-guided neurosurgery. The central contribution is the formulation and valida-

tion of a physics-guided deep learning framework that refines sparse keypoint-derived displace-

ment fields into dense, biomechanically plausible deformations. Unlike existing approaches that

either rely on purely geometric interpolation or on computationally expensive biomechanical sim-

ulations at inference time, the proposed method introduces a lightweight deep interpolator that

integrates learned physical priors while remaining compatible with real-time intra-operative con-

straints.

From a methodological standpoint, this work introduces a modular refinement block that can

be inserted downstream of any keypoint-based registration pipeline, independently of the keypoint

detector or matching strategy. The framework leverages patient-specific biomechanical simula-

tions to provide physically grounded supervision during training, enabling the network to learn
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deformation patterns that are difficult to observe directly in clinical settings. Extensive architec-

tural exploration and ablation studies demonstrate how residual learning, squeeze-and-excitation

mechanisms, and Jacobian-based regularization jointly contribute to improved anatomical fidelity,

stability, and physical plausibility of the resulting displacement fields.

From a data and experimental perspective, this thesis presents the construction of a large-scale

dataset of synthetic brain deformations generated using the meshless total Lagrangian explicit dy-

namics (MTLED) framework, modeling gravity-induced brain shift and tumor resection effects.

This dataset enables systematic evaluation of sparse interpolation refinement under controlled con-

ditions and supports quantitative and qualitative comparisons with classical interpolation methods.

Part of this work have been disseminated through peer-reviewed venues. The core methodol-

ogy and experimental results were published in a Medical Image Computing and Computer As-

sisted Interventions (MICCAI)-affiliated workshop paper [40], providing initial validation within

the medical image computing community. In addition, the literature review done in this work

served as a basis for a systematic review paper on novel data-driven brain deformation modeling

approaches for image-guided neurosurgery, which is currently under review to be submitted to a

peer-reviewed journal. Both these outputs position the contributions of this thesis and any future

research stemming from it within the broader research landscape of physics-informed learning for

medical image registration and image-guided neurosurgery.

1.4 Thesis Outline

This thesis is organized into seven chapters. The current chapter introduced the clinical context of

neurosurgical oncology, outlined the problem of intra-operative brain shift, and motivated the need

for physics-informed registration methods. Chapter 2 reviews the theoretical foundations of med-

ical image registration, including classical and learning-based approaches, similarity measures,

regularization strategies, and biomechanical modeling of the brain. Chapter 3 surveys prior work

on intra-operative, multimodal, and keypoint-based registration, also covering how biomechanical

modeling is positioned within the medical image registration literature and establishing the basis

for the synthetic simulations used in this thesis. Chapter 4 presents the proposed framework, de-

tailing the clinical datasets, biomechanical simulation pipeline, keypoint extraction strategy, and

the design and training of the deep biomechanically guided interpolator. Chapter 5 reports quanti-

tative and qualitative evaluations of both the simulations and the learning-based model, including

extensive ablation studies and comparisons with standard interpolators. Chapter 6 analyzes the

experimental results in terms of clinical relevance, methodological trade-offs, and practical limi-

tations. Finally, Chapter 7 summarizes the main contributions, discusses limitations, and outlines

directions for future research and clinical integration.



Chapter 2

Background

2.1 Medical Image Registration

Addressing brain shift remains one of the most demanding challenges in neurosurgery, as the dy-

namic and non-linear deformations that occur during surgery can compromise the accuracy of neu-

ronavigation systems. This highlights the need for advanced image registration methods specifi-

cally tailored to intra-operative conditions. Image registration constitutes a foundational procedure

in medical imaging, enabling the spatial alignment of corresponding anatomical or functional fea-

tures across two or more images. By aligning images acquired at different time points, from

various modalities, viewpoints, or subjects, registration allows the integration of complementary

information, thereby enhancing diagnostic precision and therapeutic decision-making. Its impor-

tance spans numerous clinical applications, including intervention and treatment planning [41–44],

image-guided surgery [45–48], and disease monitoring [49–52].

Image-based registration often relies on a combination of image-to-patient and image-to-

image registration strategies. Image-to-patient registration aligns medical images with the pa-

tient’s physical space. This is typically achieved through optical or electromagnetic tracking sys-

tems that identify corresponding anatomical landmarks on the patient and in the image (recall

Figure 1.1.II). The number of corresponding points required depends on whether the registration

is assumed to be rigid or deformable and the amount of noise in the data collection. Image-to-

image registration aligns two volumetric scans (e.g., pre-operative magnetic resonance imaging

(preMRI) to intra-operative ultrasound (iUS)) and has been performed using a variety of methods:

driven by manually or automatically selected corresponding points [53], image patches [54], and

deep learning (DL)-based methods [30, 55–57].

The transformations applied in registration can be rigid, affine, or deformable [58]. Rigid

transformations involve only translations and rotations, suitable for aligning structures such as

bone or tissues that suffer with minimal shape change. Affine transformations extend this by

including scaling and shearing, altering lengths and angles while preserving parallelism. De-

formable (also called elastic or non-rigid) transformations capture non-linear anatomical changes

and are essential for accurate alignment of soft tissues such as the brain, lungs, or liver, by map-

ping every voxel from a moving (source) image to a fixed (target) image using dense displacement

7



Chapter 2. Background 8

vector fields.

Conventional image registration methods estimate spatial transformations by iteratively op-

timizing a predefined objective function. They rely on hand-crafted similarity metrics, such as

mutual information (MI) [59, 60] and normalized cross-correlation (NCC) [61, 62], together with

regularization terms designed to enforce smooth and physically plausible deformations [63, 64]

(see Section 2.1.5 and Section 2.1.6). Parameter tuning is typically manual and requires sub-

stantial domain expertise to balance accuracy and robustness. Because optimization is carried

out independently for each image pair, these methods can be time-consuming, computationally

expensive, and sensitive to initialization.

Deep learning (DL)-based registration methods fundamentally change this paradigm by learn-

ing mappings from image pairs to displacement fields across large datasets. Rather than config-

uring parameters for every case, these models leverage training data to guide parameter optimiza-

tion. Supervised approaches depend on ground-truth displacement fields derived from simulations

or classic algorithms, which can introduce bias or propagate existing errors, whereas unsupervised

and self-supervised frameworks optimize similarity metrics directly against the input image data

without the need for explicit ground truths [65]. Once trained, DL models can register unseen

image pairs in real time, eliminating the need for instance optimization (IO) during inference.

However, they still require careful design of loss functions and architectures to ensure accurate

and physically meaningful deformations.

2.1.1 Registration Basis

Traditional image registration methods can be extrinsic or intrinsic, depending on the basis on

which the method relies. Extrinsic methods rely on artificial objects directly attached to the pa-

tient’s anatomy (referred to as fiducials), such as stereotactic frames [66–68] or markers glued

or screwed to the skin [69, 70], which are easily detected in any modality and do not include

patient-related image information. As such, the registration process is comparatively easier, faster,

and usually automated, since no complex optimization algorithms are required [71]. However,

the intense pre-operative planning and the invasive nature of the method are major drawbacks

to its application in the surgical space. In contrast, intrinsic methods only rely on the patient’s

image content by directly using and matching voxel properties, limited sets of identified land-

marks/keypoints, and segmented structures [72].

Landmarks can be manually identified when they constitute easily identifiable prominent fea-

tures of the morphology, or automatically when they have prominent geometrical properties, such

as corners or local curvature gradient extremes [39, 73–76]. These points are identified in the

moving image and matched with their counterparts in the fixed image. Since this set of matched

points is sparsely distributed compared to the original image content, it effectively reduces the di-

mensionality of the deformation parameterization, reducing the computational cost of registration

while requiring interpolation methods to propagate a dense displacement field [77, 78].

Voxel property approaches match the intensity patterns in each image, operating directly on
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Figure 2.1: Overview of a classic iterative image registration pipeline. A transformation model
parametrizes the deformation applied to the moving image (Section 2.1.3 and Section 2.1.4), pro-
ducing a warped image that is compared to the fixed image through an objective function com-
bining similarity and regularization terms (Section 2.1.5 and Section 2.1.6). An optimization
algorithm iteratively updates the transformation parameters to minimize the objective until con-
vergence, yielding the final registered image (Section 2.1.7).

the gray values of the image using mathematical or statistical criteria [61, 79–81]. They measure

the intensity similarity between the moving and fixed images and adjust the transformation until

the similarity measure is maximized. This method assumes that the image intensities will be the

most similar at the optimal registration.

2.1.2 Canonical Formulation

Let I : Ω → R be a medical image, where Ω is the spatial domain in which the image is defined.

The primary objective of an image registration procedure between two images in the 3D space

Ω ∈ R3 is to estimate a deformation ϕ : Ω → Ω so that the moving image IM warped by ϕ

is anatomically aligned with the fixed image IF . The warped moving image is obtained by the

composition IM ◦ϕ. Figure 2.1 illustrates the traditional image registration pipeline, highlighting

all the key steps described later in this chapter.

Registration methods search for an optimal transformation ϕ by optimizing an objective func-

tion L that includes a similarity term S, which quantifies the level of alignment between the

warped moving image and the fixed image (see Section 2.1.5), and a regularization termR, which

constrains solutions and guides registration towards desirable and plausible outcomes (see Sec-

tion 2.1.6) [64, 65]. Mathematically, this can be expressed as:

L(IF , IM , ϕ) = S(IF , IM ◦ ϕ)− λR(ϕ)

ϕ̂ = argmax
ϕ

L(IF , IM , ϕ)
, (2.1)

where λ ∈ R weights the regularization term.
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2.1.3 Affine Registration Models

For the affine case, the transformation that aligns two voxels pm = [xm, ym, zm, 1]T ∈ IM and

pf = [xf , yf , zf , 1]
T ∈ IF allows rotation, translation, scaling, and shearing, thus any combina-

tion of these operations can be captured in a single transformation matrix. This can be expressed

as: 
xf
yf
zf
1

 =


a11 a12 a13 tx
a21 a22 a23 ty
a31 a32 a33 tz
0 0 0 1




xm
ym
zm
1

 , (2.2)

where the transformation matrix is composed by a 3 × 3 submatrix that contains the parameters

aij representing any combination of rotation, scaling, and shearing, and a 3 × 1 subvector that

contains the translation components [58]. This representation uses homogeneous coordinates [82]

to ensure that the transformations can be applied seamlessly with matrix-vector multiplications.

The problem is handled by formulating it as a linear system of equations, through which the affine

parameters of the transformation matrix are iteratively optimized (recall Section 2.1.7).

2.1.4 Deformable Registration Models

Deformable registration is necessary when rigid or affine models are insufficient to capture anatom-

ical variability, particularly in scenarios involving large or nonuniform deformations, such as

in soft tissues like the brain. These transformations can be modeled using parametric or non-

parametric models [64, 83]. In parametric transformation models, a select number of parameters

that govern the registration process are used and optimized. In contrast, non-parametric transfor-

mation models compute a dense displacement field by directly calculating the displacement at each

voxel. The displacement field is thus treated as a continuous function of space and is optimized

over all possible deformations within the set of constraints.

Parametric Models

Parametric models are usually based on interpolation methods and represent non-rigid deforma-

tions with landmarks/control points, basis functions, and splines, reducing the complexity of the

transformation by parameterizing it. This category of registration algorithms assumes that a set

of matching control points can be identified in both images, and an interpolating function is used

to establish correspondences between distant points to yield a dense displacement field. A model

relying on control points is parameterized by three components: the set of control points, their

associated displacements, and an interpolation strategy.

Radial basis functions. A common approach is to model the transformation as a linear combi-

nation of radial basis functions (RBFs) [84], where the value of the displacement at an interpolation

point p ∈ R3 is given in function of its distance to the set of n known control points {ci ∈ R3}ni=1:

ϕ(p) =
n∑

i=1

wiθi(∥p− ci∥2), (2.3)
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where θi is a basis function, and wi is the corresponding weight coefficient.

Knowing the displacement at one point influences the displacements of points interpolated in

the whole image domain. Consequently, the interpolation of sparse areas is feasible but limits the

ability to model complex and localized displacements.

Thin-plate splines. Being part of a family of splines that use RBFs, thin-plate spline (TPS)

are effective when a set of corresponding control points is available for both images [77, 85]. A

spline is a piecewise polynomial function used to approximate a curve or surface by fitting each

polynomial to a set of control points, resulting in a smooth and continuous surface. The TPS

implementation is derived by minimizing a bending energy function, and it incorporates a global

affine transformation in addition to the RBF formulation. This can be expressed as:

ϕ(p) = A · p︸ ︷︷ ︸
affine

+

n∑
i=1

wiθ(∥p− ci∥)︸ ︷︷ ︸
non−linear

, (2.4)

where A ∈ R4×4 is the affine transformation matrix, and θ is usually defined as θ(r) = r2 log r.

Applying this equation to the whole set of n control points in the source image and expressing

the problem in matrix form with homogeneous coordinates allows us to solve a linear system of

equations: [
D
0

]
=

[
Θ C
CT 0

] [
W
A

]
, (2.5)

where D ∈ Rn×4 is a submatrix of control point displacements, C ∈ Rn×4 is a submatrix of

control points, and W ∈ Rn×4 is a submatrix of non-linear weight coefficients. The kernel matrix

Θ ∈ Rn×n is a kernel submatrix with entries:

Θij = θ(∥ci − cj∥) + λtpsIij , (2.6)

where λtps is a regularization parameter controlling the trade-off between interpolation accuracy

and smoothness, and Iij denotes a location in the identity matrix I . Solving for A and W using

standard algebra yields the parameters that can interpolate any point conditioned on the known

displacements of the control points.

B-splines. Under the free-form deformation (FFD) framework [86], B-splines are a powerful

modeling tool for 3D deformable objects. Free-form deformations deform an object by manipu-

lating an underlying low resolution nx × ny × nz regular mesh with corresponding control point

displacement vectors Di,j,k and uniform spacing superimposed on the image. Specifically using

cubic B-splines, which are locally polynomial interpolation functions that can perform interpola-

tion on regular grids, the dense displacement for any voxel is given according to a summation of

3D tensor products of piecewise cubic B-splines:

ϕ =

3∑
l=0

3∑
m=0

3∑
n=0

Bl(u)Bm(v)Bn(w)Di+l,j+m,k+n, (2.7)
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where i = ⌊ x
nx
⌋−1, j = ⌊ y

ny
⌋−1, k = ⌊ z

nz
⌋−1, u = x

nx
−⌊ x

nx
⌋, v = y

ny
−⌊ y

ny
⌋, w = z

nz
−⌊ z

nz
⌋,

and Bl is the l-th basis function of the B-spline:
B0(u) = (1− u)3/6

B1(u) = (3u3 − 6u2 + 4)/6

B2(u) = (−3u3 + 3u2 + 3u+ 1)/6

B3(u) = u3/6

, (2.8)

where each (l,m,n) corresponds to a control point in the local neighborhood of (i,j,k), and the

cubic B-spline basis functions Bl(u), Bm(v), and Bn(w) weight their influence based on their

relative position within the grid.

For each cubic B-spline in this formulation, only the four neighboring control points contribute

to the displacement of a given voxel. Since B-splines are only defined in the vicinity of each

control point, the displacement of a point only affects the transformation in the local neighborhood

of that point, allowing for finer displacements and more efficient computations even for a large

number of control points. Because of this, B-splines are often referred to as having local support,

as opposed to RBFs and TPS, which have global support [86].

Gaussian Process regression. Another approach is Gaussian process (GP) regression, which

performs the simultaneous interpolation and uncertainty estimation of the interpolation process [87].

The GP regression model makes the assumption that a Gaussian process with a mean function µ

and covariance function κ provides the function ϕ that connects the inputs to the outputs. A start-

ing point for a prior belief could be a Gaussian distribution with zero mean, and an RBF covariance

kernel. Observing a set of n control point pairs and their displacements allows the update of a prior

belief. These observed displacements of ϕ∗ are assumed to be noisy realizations of the true func-

tion ϕ, such that ϕ∗(p) = ϕ(p) + ϵ, ϵ ∼ N (0, σ2). To obtain a posterior distribution, conditioned

on the observed data, the negative log-likelihood is minimized and any existing GP hyperparam-

eters are learnt. Subsequently, the joint distribution of n observed values and any other point m

is Gaussian, and, thus, the displacement at an arbitrary voxel can be directly obtained from the

posterior distribution: 
p(ϕ∗ | P ,C,D) ∼ N (M ,Σ2)

M = K∗T (K + σ2I)D

Σ2 = K∗∗ −K∗T (K + σ2I)−1K∗
, (2.9)

where P ∈ Rm×3 is the matrix of all points in the image; C ∈ Rn×3 is the matrix of all control

points; D ∈ Rn×3 is the matrix of observed displacements; M ∈ Rm×3 is a matrix of estimated

mean displacements µ(pi); Σ2 ∈ Rm×m is a matrix of covariances between each estimated value,

providing the uncertainties associated with each estimation; K ∈ Rn×n is the covariance matrix

between the values at each control point κ(ci, cj); K∗ ∈ Rn×m is the covariance matrix between

the values at interpolated points and control points κ(pi, cj); K∗∗ ∈ Rm×m is the variance matrix

between the values at each interpolated point κ(pi,pi); and I ∈ Rn×n is the identity matrix that

is multiplied by σ2 to account for the noise assumption.
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Non-parametric Models

Non-parametric transformation models assign a displacement vector to every voxel in the image

domain, without relying on a compact parameterization or a predefined set of control points [64,

86]. These models offer maximal flexibility but also require strong regularization to ensure

anatomically plausible solutions. Many classic non-parametric models are grounded in continuum

mechanics and formulated through partial differential equations (PDEs), where the displacements

arises from balancing image similarity-derived forces with physically-derived internal forces. This

variational formulation inherently embeds smoothness, elasticity, or fluid-like behavior into the

transformation, enabling accurate and realistic mappings between images.

Small Deformation Models. A classic example of a small deformation model is linear elastic

registration, which tackles the registration problem by modeling the displacements as a physical

process that resembles the stretching of an elastic material. In this formulation, the image grid is

deformed under the influence of two forces that compete until equilibrium is reached. An external

force drives the alignment based on image similarity, while an internal force imposes the elastic

properties of the material [88]. The displacements are described by the Navier-Cauchy PDE as:

µ∇2ϕ+ (µ+ λ)∇(∇ · ϕ) + F = 0, (2.10)

where ∇2, ∇, and ∇· are the Laplace, gradient, and divergence operators, respectively; F is the

force field that drives the registration based on an image similarity criterion; and µ and λ are

Lamé’s parameters describing the material’s rigidity and compressibility, respectively.

Solving this PDE can be achieved using finite differences and successive over-relaxation meth-

ods [89], which produce a discrete displacement vector at each voxel location. Linear elastic

models perform well for small, smooth deformations, but because the energy acts directly on the

displacement magnitude, deformations become penalized proportionally to their size [64]. As a

consequence, these models struggle with large or highly localized motions.

Large Deformation Models. To handle larger, non-linear motions, deformations can instead

be described through a time-dependent t ∈ [0, 1] velocity field ν. Time-varying models for image

registration can capture complex and large deformations while preserving diffeomorphic mappings

that ensure biologically realistic transformations [65,86]. The deformation ϕ(t) evolves according

to:

ν(t)(ϕ(t)) =
dϕ(t)

dt
, ϕ(0) = I, (2.11)

where I is the identity transform, and integrating this velocity field over time yields the final

mapping:

ϕ(1) = ϕ(0) +

∫ 1

0
ν(t)(ϕ(t)) dt. (2.12)

Because integrating a smooth velocity field produces a diffeomorphism, large-deformation models

naturally preserve topology and invertibility.
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A classic example of this paradigm is viscous-fluid registration [90, 91], where the model still

satisfies Equation 2.10 but instead of solving for the deformation field ϕ, it solves for the velocity

field ν.

To simplify its implementation, one can instead assume a time-stationary velocity field for-

mulation, i.e., ν(t)(ϕ(t)) becomes ν(ϕ(t)), enabling the application of the scaling-and-squaring

technique [92, 93] that relates the displacement field to the velocity field as an exponential map:

ϕ = exp(ν) = exp(2−Nν)2
N
, (2.13)

which is equivalent to integrating along the velocity field over the unit time period, in this case,

along N time steps of recursive composition of the spatial transformations (N is such that 2−Nν

is close to zero).

Demons algorithm. The Demons algorithm [94] represents an example of a different class of

non-parametric approaches that arise not from mechanical PDEs but from optical-flow principles

combined with diffusion-based regularization. The algorithm iteratively updates the displacement

field using an update force f derived from optical flow principles. It uses the gradient of image

intensities ∇IF and the image intensity differences IM ◦ ϕ− IF to solve the equations:
F = (IM◦ϕ−IF )∇IF

∥∇IF ∥22+(IM◦ϕ−IF )2

ϕ0 = 0

ϕ
′
n = ϕn−1 +Kσ1 ∗ F

ϕn = Kσ2 ∗ ϕ
′
n

(2.14)

where ϕ0 is the initial displacement, which is assumed to be a zero displacement field, n is the

number of iterations, Kσi are Gaussian smoothing filters, and ∗ represents a convolution operation.

During each iteration, a preliminary estimate of displacement is obtained for each voxel. How-

ever, if the denominator of the force equation is too small, the equation becomes unstable [95].

Thus, the displacement is regularized using a Gaussian smoothing filter that ensures diffuse esti-

mates across regions with either strong or weak gradients. The final displacement field is obtained

when the iterative process converges after n iterations of refinement using the update forces.

Because the original Demons formulation updates the displacement field directly, it does not

guarantee diffeomorphic transformations. Nevertheless, Demons-based methods remain widely

used due to their speed, simplicity, and robustness, and have been successfully adapted to optimize

a variety of similarity metrics and diffeomorphic formulations [96, 97].

2.1.5 Similarity Measures

Similarity measures are integral to image registration, as they quantify the alignment between a

fixed image IF and a warped moving image IM◦ϕ. By evaluating the degree of similarity between

images, these measures drive the optimization process to align anatomical structures accurately.

The selection of an appropriate similarity measure depends on the image modalities involved, the
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nature of the registration, and the application requirements. Similarity measures are commonly

divided into intensity-based, landmark-based, and segmentation-based approaches, each relying

on different assumptions, strengths, and limitations [64,98]. Table 2.1 summarizes these categories

and their main characteristics.

Intensity-based

Intensity-based measures operate directly on the voxel intensities of the images and are particularly

effective when there is a consistent relationship between the intensities of corresponding voxels.

These measures are widely used and are based on mathematical formulations that capture intensity

differences, correlations, or probabilistic dependencies.

Sum of Squared Differences. The sum of squared distances (SSD) is the simplest intensity-

based similarity measure, defined as:

SSSD =
∑
p

(
(IM ◦ ϕ)(p)− IF (p)

)2
, (2.15)

where p ∈ R3 is a three-dimensional voxel (x, y, z). Sum of squared distances assumes that

corresponding structures in the images have identical intensities and relies on the assumption that

the noise is Gaussian. However, image similarity does not necessarily imply good registration

of the underlying anatomy. Moreover, SSD is sensitive to intensity variations caused by imaging

artifacts or modality differences, which limits its applicability in multimodal scenarios. The mean

squared error (MSE) is a normalized version of the SSD, differing only by a constant scaling factor

corresponding to the number of voxels.

Normalized Cross-correlation. Normalized cross-correlation (NCC) differs from SSD by as-

suming a linear relationship between image intensities while eliminating the effects of variations

in brightness and contrast (i.e., the amplitude of the signal). It is defined as:

SNCC =

∑
p

(
(IM ◦ ϕ)(p)− µM

)(
IF (p)− µF

)√∑
p

(
(IM ◦ ϕ)(p)− µM

)2√∑
p

(
IF (p)− µF

)2 , (2.16)

where µM and µF are the mean intensities of IM ◦ ϕ and IF , respectively. The NCC normalizes

intensity differences, making it robust to linear intensity scaling. Similar to SSD, it is primarily

used for unimodal registration, as it assumes a direct correlation between the voxel intensities of

the two images.

Local normalized cross-correlation (LNCC) is an extension of the standard NCC measure,

designed to incorporate spatially localized intensity relationships between images [109]. While

NCC computes a global correlation between the voxel intensities of two images, local normalized

cross-correlation (LNCC) evaluates similarity within localized regions, making it more robust to

intensity variations and non-linear intensity mappings across the entire image domain. The LNCC

for a voxel p is computed over a local neighborhood of size w3 centered on that voxel, which

reduces the influence of the overall image domain on these local calculations. This localized ap-

proach is particularly useful in deformable image registration, where spatial variations in intensity

relationships are common due to non-rigid anatomical deformations or modality differences.



Chapter 2. Background 16

Table 2.1: Comparison between similarity measure categories used in medical image registration.

Intensity-based Landmark-based Segmentation-based

Principles Operates directly on voxel
intensities and assumes a
relationship between inten-
sity patterns of corresponding
structures

Assumes reliable landmark or
feature descriptor correspon-
dences can be detected and
matched across images

Relies on segmented anatomi-
cal structures and assumes ac-
curate and consistent labels
across images

Strengths and
Limitations

+ Simple and general pur-
pose
+ Effective for unimodal reg-
istration
− Sensitive to noise, artifacts,
and multimodal images

+ Anatomically interpretable
+ Robust to intensity incon-
sistencies and large deforma-
tions
− Performance depends on
feature quality and correspon-
dence accuracy

+ Directly enforces anatomi-
cal alignment
+ Interpretable registration
evaluation
− Does not capture internal
deformation errors
− Requires prior high-quality
annotations

Clinical
Relevance

Commonly used when in-
tensity relationships are pre-
served

Effective and interpretable in
multimodal and sparse intra-
operative data scenarios

Provides a structure-aware
evaluation and guidance

Implementation
Examples

MSE [30, 99–101]
NCC [31, 102, 103]
MI [104, 105]

TRE [100]
MIND [37, 38, 57, 106]
CNN-based [57, 107]

Dice [30, 56, 108]
HD [106]

MSE - Mean squared error; NCC - Normalized cross-correlation; MI - Mutual information;
TRE - Target registration error; MIND - Modality Independent Neighborhood Descriptor;
CNN - Convolutional neural network; HD - Hausdorff distance

Mutual Information. Measures such as MI are particularly effective for multimodal regis-

tration, as they do not assume a specific functional relationship between intensities [110, 111].

These measures are based on the joint intensity distribution of the two images, which captures the

statistical relationship between their voxel intensities. Derived from Shannon entropy [112], the

cross-entropy of two images IF and IM ◦ ϕ can be given by:

H = −
∑
a

∑
b

p(a, b) log p(a, b), (2.17)

where p(a, b) is the joint probability of intensities a in IF and b in IM ◦ ϕ, which can be es-

timated [113, 114] using density-estimation methods, such as histograms, Parzen windows, or

nearest neighbors. The MI measures the reduction in joint entropy due to alignment and is max-

imized when the images are aligned, as the joint distribution becomes concentrated and entropy

decreases. The MI can be defined as:

SMI = H(IF ) +H(IM ◦ ϕ)−H(IF , IM ◦ ϕ). (2.18)

To avoid dependence on the amount of image overlap, a normalized MI measure [115] can be

used. Similarly to LNCC, measures based on information theory can also be locally computed to

improve robustness [116]. Overall, MI tends to underperform in the presence of large modality

gaps, such as between ultrasound (US) and magnetic resonance imaging (MRI), because various

intensity configurations can produce similarly low joint entropy.
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Feature- and Landmark-based

Intensity-based similarity measures can struggle when intensity relationships are non-linear or in-

consistent, such as in multimodal contexts. Multimodal registration aligns images acquired from

different imaging techniques that follow distinct physical principles, such as computed tomogra-

phy (CT), MRI, or positron emission tomography (PET). Although multimodal data offer impor-

tant complementary information, the intensity distributions of different modalities usually vary,

leading to complex interrelations [117]. Certain anatomical structures may even appear distorted

or missing in one image relative to another. These challenges motivate the use of feature-based

measures, which replace raw intensities with more stable geometric or anatomical cues.

To address this, image descriptors have been developed to provide rich structural and con-

textual information on anatomical regions to improve registration accuracy. These descriptors

substitute raw intensity values in similarity measures with feature vectors that encapsulate local

or global image properties, offering a more robust representation for aligning complex anatomical

structures [117]. Descriptors can be either dense (computed at every voxel) or sparse (computed

only at selected keypoints/landmarks), and they leverage diverse techniques from handcrafted to

DL-derived features [64, 98]. Automated landmark detection and description are therefore es-

sential, reducing the need for manual annotation and minimizing observer variability. Classic

detectors, such as Scale-Invariant Feature Transform (SIFT) [36, 118, 119], Speeded-Up Robust

Features (SURF) [120], Features from Accelerated Segment Test (FAST) [121, 122], and Binary

Robust Invariant Scalable Keypoints (BRISK) [123], have been adapted to 2D and 3D medical

images, extending concepts such as scale-invariant detection and gradient-based description to

volumetric data. More tailored advances include Modality Independent Neighbourhood Descrip-

tor (MIND) [124], which was specifically designed for medical image registration and identi-

fies regions based on self-similarity within a local neighborhood around the keypoint. Novel DL

approaches have also shown strong performance in detecting keypoints and computing descrip-

tors tailored to specific anatomical contexts, commonly leveraging convolutional neural networks

(CNNs). For example, SuperPoint [125] presents a self-supervised framework to train interest

point detectors and descriptors by predicting pixel-level interest point locations. Learned Invariant

Feature Transform (LIFT) [126] uses a Siamese CNN architecture to detect keypoints, estimate

orientation, and compute descriptors in a supervised end-to-end manner.

When a set of corresponding landmarks is available, registration can be explicitly guided by

enforcing alignment between paired points [37, 38, 127] (recall Section 2.1.1). Given N corre-

sponding landmark pairs {(lF , lM )}Ni=1, where lM denotes a landmark location in the moving

image and lF its counterpart in the fixed image, the target registration error (TRE) measures the

residual Euclidean distance after warping the moving landmarks. The mean TRE is then expressed

as:

TRE =
1

N

N∑
i=1

∥∥lM ◦ ϕ− lF
∥∥
2
. (2.19)
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Segmentation-based

Other anatomical priors, such as segmentation masks, can provide complementary information

that offers valuable guidance in aligning complex anatomical structures during the registration

process. These segmentations can be manually defined for each image pair or generated from

training data in learning-based frameworks.

Segmentation masks M : Ω → [0, 1] typically provide binary anatomical labels that clas-

sify each voxel as belonging to a specific structure. When they are provided, the most common

approach is to measure the extent of overlap between warped moving image and fixed image

segmentations with specific measures, such as the Dice score [128]. Various structures can be

identified in both images, resulting in a set of masks {Ml}l∈L that localize distinct anatomical

regions associated with each label in a set of labels L. The mean Dice score for a pair of images

considering all labels can then be defined as:

Dice =
1

|L|
∑
l∈L

2
∑

p(Ml
M ◦ ϕ)(p)Ml

F (p)∑
p(Ml

M ◦ ϕ)(p) +
∑

pMl
F (p)

. (2.20)

In addition to overlap-based metrics, distance-based measures are commonly employed to

evaluate boundary alignment between corresponding anatomical structures. Among these, the

Hausdorff distance (HD) is widely used in medical image registration to quantify the maximum

discrepancy between the surfaces of segmented structures after registration. Given two sets of

surface points, A and B, extracted from the warped moving and fixed segmentations, respectively,

the (directed) HD is defined as:

dH(A,B) = max
a∈A

min
b∈B
∥a− b∥2, (2.21)

and the symmetric HD is given by:

HD(A,B) = max{dH(A,B), dH(B,A)}. (2.22)

While the HD captures the worst-case boundary error and is therefore sensitive to outliers, it

provides valuable insight into the maximum misalignment between anatomical structures, which

is clinically relevant for surgical decision-making. To reduce sensitivity to isolated outliers caused

by segmentation noise or minor surface artifacts, the 95th-percentile Hausdorff distance (HD95) is

often reported instead. This variant measures the distance below which 95% of the surface points

fall, offering a more robust estimate of boundary alignment [65, 129].

Complementarily, the average surface distance (average surface distance (ASD)) is frequently

reported in conjunction with HD to assess boundary alignment. Unlike HD, which focuses on

extreme discrepancies, the ASD measures the mean distance between corresponding surfaces,

providing a global assessment of registration accuracy. The ASD is less sensitive to outliers and

reflects the typical boundary error between anatomical structures. Formally, the directed ASD

from surface A to surface B is defined as:

dASD(A,B) =
1

|A|
∑
a∈A

min
b∈B
∥a− b∥2, (2.23)
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and the symmetric ASD is obtained by averaging the two directed distances:

ASD(A,B) =
1

2

(
dASD(A,B) + dASD(B,A)

)
. (2.24)

Distance-based metrics complement overlap measures like the Dice, as a high overlap can still

coincide with localized boundary errors, particularly for small or thin structures such as ventricles

or tumor margins. Consequently, reporting both overlap-based and distance-based metrics is con-

sidered best practice for a comprehensive evaluation of registration accuracy when segmentation

masks are available.

2.1.6 Regularization Terms

Because registration is an ill-posed problem, the maximum of Equation 2.1 may correspond to

anatomically or physically implausible deformations. To address this, both the transformation

model and the optimization framework must incorporate mechanisms through regularization that

ensure solutions remain realistic, reliable, and robust. Regularization terms introduce prior knowl-

edge about desirable deformation properties (e.g., smoothness, diffeomorphism, or inverse consis-

tency (IC)) and may stem from analytical formulations (gradient-based penalties, Jacobian con-

straints) [30–32, 55, 101, 130], from biomechanical or organ-specific models (e.g., hyperelastic or

viscous-fluid PDEs) [131–133], or from learned priors (e.g., adversarial losses and latent-space

constraints) [134–136]. To preserve the continuity and differentiability of anatomical structures,

transformations should ideally be diffeomorphic, meaning they are smooth and invertible. Dif-

feomorphic mappings ensure smooth deformation of tissues without introducing folds and dis-

continuities across the registering images [137]. Table 2.2 summarizes the main categories of

regularization.

Additionally, the problem may be regularized through implicit and explicit regularization [63,

64]. Implicit regularization can be accomplished by parameterizing the deformations using smooth

functions, whereas explicit regularization can be realized by implementing hard and soft con-

straints. Hard constraints force the solution to satisfy certain criteria for the registration to be suc-

cessful. In contrast, soft constraints encode preferences regarding specific configurations, guiding

the model to desired results. In the latter, deviations from these preferences are allowed to a certain

degree. Thus, the regularization term R in Equation 2.1 penalizes implausible deformations by

using explicit soft constraints to guide the model.

Diffusion Regularization. Diffusion penalizes the first-order spatial derivatives of the defor-

mation field ∇ϕ, encouraging smooth and continuous deformations throughout the domain. It

computes the squared L2-norm of the gradients, effectively penalizing disparities between adja-

cent deformations, and can be formulated as:

Rdiffusion =
∑
p

∥∇ϕ(p)∥22. (2.25)

Bending Energy. Bending energy extends diffusion regularization by instead penalizing the

second-order derivatives ∇2ϕ, promoting curvature smoothness [145].
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Table 2.2: Comparison between regularization paradigms in medical image registration.

Analytical
Regularization

Physics-informed
Regularization

Learned
Regularization

Principles Explicit mathematical penal-
ties derived from differential
formulations

Biomechanical and organ-
specific constraints to tissue
motion

Implicit deformation priors
learned from data distribu-
tions

Strengths and
Limitations

+ Simple and computation-
ally efficient
+ Promotes diffeomorphism
− Limited expressiveness for
complex tissue behavior
− May oversmooth deforma-
tions

+ Produces physically realis-
tic deformations
+ Models resection, gravity,
tissue relaxation, fluid loss
− Sensitive to parameteriza-
tion of tissue properties
− Higher computational cost

+ Captures complex nonlin-
ear deformation patterns
+ Adapts to data variability
− Dependent on training data
quality and diversity
− Limited interpretability

Clinical
Relevance

Prevents folding or unrealis-
tic distortions

Ensures realistic deformation
behavior of tissues in surgical
settings

Improves robustness and
generalization in heteroge-
neous clinical data

Examples Diffusion
[30, 55, 138]
Jacobian determinant
[130, 139]
Inverse-consistency
[32, 101, 140]
Diffeomorphic integration
[31, 141]

Hyperelastic models
[131]
Viscous-liquid models
[132]
Divergence-free flows
[133]

Adversarial losses
[134, 142]
Latent-space priors
[143, 144]
Uncertainty maps
[135, 136]

Invertibility and Topology Preservation. Invertibility guarantees that the transformation relat-

ing two images can be reversed [146]. Mathematically, a transformation ϕ is invertible if it is

injective, ensuring every point in the fixed image corresponds uniquely to a point in the moving

image. Noninvertible deformations imply multiple points in the fixed image map to the same lo-

cation in the moving image, causing tissue folding, loss of anatomical integrity, or ambiguities in

downstream clinical analyses. This condition is commonly evaluated by analyzing the Jacobian

determinant of the deformation field, |Jϕ|, at each voxel. Values of |Jϕ| > 0 indicate local invert-

ibility (i.e., no folding or tearing) [146], while |Jϕ| = 1 implies local volume preservation [147].

To enforce these properties, the regularization terms that are often added to the loss function pe-

nalize negative Jacobian values or deviations from unit volume:

RJdet =
1

|Ω|
∑
p∈Ω

σ
(
|Jϕ|(p)

)
, (2.26)

where σ is a function that penalizes the objective function for certain values of |Jϕ|. These tech-

niques help prevent artifacts such as overlapping regions or implausible tissue compression or

expansion.

Inverse Consistency. Inverse consistency addresses the symmetry of the registration process,

ensuring that the order of registration (i.e., whether IM is registered to IF or vice versa) does not

introduce directional biases [148]. This is enforced by penalizing deviations from the identity I
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when composing forward and backward transformations:

ϕM,F ◦ ϕF,M = I. (2.27)

Such constraints preserve symmetry and encourage physical plausibility, ensuring ϕM,F and ϕF,M

behave as true inverses [101, 149]. An IC regularizer term may then be written as:

RIC = ∥ϕM,F ◦ ϕF,M − I∥22 + ∥ϕF,M ◦ ϕM,F − I∥22, (2.28)

where ϕM,F is the forward displacement field to register IM to IF , and ϕF,M is the backwards

displacement field with reverse inputs.

2.1.7 Optimization

Image registration is an inherently ill-posed problem (as defined by Hadamard [150] for math-

ematical problems), since multiple transformations may map one image to another with compa-

rable accuracy. In practice, no unique or perfect transformation exists that fully aligns the fixed

and moving images, and the task typically requires optimization over a high-dimensional and non-

convex parameter space. This ambiguity arises due to factors like missing correspondences, noise,

intensity variations, and the under-constrained nature of the problem, which is often addressed

by guiding the solution toward a meaningful deformation space through the use of regularization

terms or prior knowledge. Therefore, the transformation parameters can be directly computed

from the available data or searched for by optimizing an objective function dependent on these

parameters [64, 151]. In the latter case, the maximization of Equation 2.1 generally does not have

a closed-form solution; consequently, the displacements are estimated by resorting to numerical

optimization methods [152].

In deformable registration applications, choosing an optimizer can be difficult because the

more flexible the transformation model, the more parameters are generally required to describe

it [64]. Common approaches employ continuous optimization methods [153], such as gradient

descent [154], conjugate gradient [155], Powell’s conjugate directions [156], quasi-Newton [155],

and Levenberg-Marquardt [92], that estimate the optimal parameters following an update rule of

the form:

θt+1 = θt + αtgt(S,R, θt), (2.29)

where θ denotes the vector of parameters of the transformation model, t is the index of the current

optimization iteration, α is the step size, and g computes the search direction in the parameter

space by taking into account both the similarity and regularization terms.

The specific continuous optimization algorithm defines the way α and g are defined. Alter-

natively, the problem can also be approached from a discrete optimization point of view after

quantization of the displacement space into discrete intervals [157–159]. More recent approaches

that employ deep neural networks (DNNs) to parameterize the displacements are typically op-

timized with tailored optimization paradigms, such as stochastic gradient descent with momen-

tum [160, 161], or adaptive optimizers such as Adam and Adamax [162] which leverage adaptive

step sizes to accelerate convergence.
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2.2 Deep Learning in Medical Image Registration

Traditional image registration methods, which rely on iteratively solving an optimization problem,

are widely recognized but have significant drawbacks. Primarily, these methods are computation-

ally demanding and slow, as the optimization process must be repeated for each distinct moving

and fixed image pair, resulting in redundancy. Although many improvements to traditional meth-

ods have been made [64, 83, 98], DL-based methods have demonstrated remarkable performance

in image registration [65, 163] and various other medical image analysis tasks [164–166].

While classic iterative methods have established a strong foundation for deformation mod-

eling, their need to solve an optimization problem for each new image pair and their reliance

on handcrafted similarity metrics have motivated a paradigm shift toward DL. Unlike iterative

approaches, DL-based models learn an implicit function that can directly infer a displacement

field in a single forward pass, eliminating the need for case-specific optimization. This enables

near-instantaneous registration, a critical advantage in time-sensitive surgical workflows. Through

large-scale training, such models learn data-driven representations that replace handcrafted metrics

and improve robustness and generalization across heterogeneous anatomies and pathologies.

Deep learning methods are trained by optimizing a global objective function (similar to Equa-

tion 2.1) over a dataset, additionally benefiting from implicit regularization that arises from the

diversity of training samples, which smooths the loss landscape and reduces susceptibility to sub-

optimal minima [65]. Once trained, these networks can process unseen image pairs in one pass

without additional optimization steps, which facilitates clinical deployment. However, they also

present challenges: they may overfit to the training distribution, leading to reduced generalization

at inference time, and their performance is fundamentally constrained by model capacity as well

as the quantity and quality of the available training data [65].

Early image registration DNNs mainly leveraged encoder architectures, which mainly served

as upstream feature extraction for conventional techniques [167] or as regressors for estimating

affine transformation parameters [168, 169]. The success of U-net-like architectures [170–172] in

the field of medical imaging prompted the application of encoder-decoder frameworks to learning-

based deformable registration, implemented within supervised learning frameworks. In medical

image registration, supervised learning-based methods use ground-truth displacements, landmark

correspondences, or anatomical labels as target output during the training process, comparing the

network predictions with the ground truths. In contrast, unsupervised methods refer to those that

do not require such ground truths (Figure 2.2). The ground-truth data for supervised methods often

comes from traditional registration approaches [33,35,173] or is manually annotated by experts, a

process that is time-consuming and can restrict registration performance as it relies on the quality

of the generated labels. The advent of Spatial Transformer networks (STNs) [174] (not to be con-

fused with Transformers [175]) marked a shift towards unsupervised methods, which eliminate the

dependency on ground truths. The Spatial Transformer applies the predicted deformation to warp

the moving image, subsequently evaluating it against the fixed image itself. When anatomical

label maps are accessible for both images, the Spatial Transformer can also generate the warped
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Figure 2.2: Overview of common learning-based frameworks for medical image registration. The
top panels showcase the mechanism of deformable image registration, where a dense displace-
ment field is predicted, commonly utilizing U-Net architectures. The bottom panels demonstrate
rigid/affine registration, which generally relies on an encoder and fully connected layers to predict
a set of transformation parameters. Adapted from [65].

moving label map using the predicted displacement. Anatomy-based guidance can be employed

during network training by using these warped label maps [105, 176–178]. In practice, any of

the parameterizations discussed in Section 2.1.3 (affine models) and Section 2.1.4 (deformable

models) can be adapted into a DNN framework. The networks are trained through backpropaga-

tion [179] by globally optimizing a loss function similar to Equation 2.1 using the training data.

Unseen testing images are then fed into the trained networks for inference.

2.2.1 Network Architectures

Generative Adversarial Networks. Generative adversarial networks (GANs) [180] applied to im-

age registration usually employ a generator, producing a deformation field to transform the moving
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image, and a discriminator, that subsequently assesses the similarity between the deformed mov-

ing image and the fixed image, functioning as a learned similarity mechanism. This configuration

alleviates the need for a handcrafted similarity metric, making the approach adaptable to complex

multimodal registration scenarios [104, 106, 134].

Contrastive Learning. Contrastive learning [181] focuses on learning representations by dis-

tinguishing between positive pairs (similar images) and negative pairs (differing images). The

objective is to bring representations of positive pairs closer in the feature space while pushing

negative pairs apart. Using contrastive learning, the network can learn to determine whether two

images are properly aligned without relying on a handcrafted similarity measure, which is often

less robust [182, 183]. Siamese networks [184] are particularly well-suited for this task, as they

consist of twin networks that share weights and learn to compare image pairs. When combined

with contrastive learning, Siamese networks can effectively perform image registration by learning

a robust similarity metric, making them effective in multimodal registration scenarios [185, 186].

U-Net. The U-Net architecture [170–172] has shown impressive performance in various dense

prediction tasks, including segmentation and registration. Its design, featuring symmetric encoder

and decoder branches connected by skip connections, effectively fuses coarse and fine-grained

information, making it particularly suitable for tasks requiring spatial accuracy. In image regis-

tration, U-Net serves as the backbone of many models [30, 31, 187, 188], as its modular nature

allows researchers to adapt its architecture for specific applications with domain-specific enhance-

ments. Similarly, encoder-decoder architectures without skip connections can also be employed

to learn low-dimensional representations by forcing the network to condense information into a

compressed latent space. Such designs inherently regularize the learning process by restricting the

model to focus on global rather than local patterns.

Attention Blocks. Transformers [175], originally introduced for natural language processing,

have recently been adopted in medical image registration to address limitations of convolutional ar-

chitectures in modeling long-range spatial relationships. By leveraging self-attention, these meth-

ods explicitly model long-range dependencies between fixed and moving images, which are diffi-

cult to represent using standard convolutional architectures. Attention mechanisms have been in-

corporated either as modules within convolutional encoders [56,103] or through fully Transformer-

based designs [189]. While these approaches improve sensitivity to global context and facilitate

the modeling of large deformations, they typically incur increased computational and memory

costs, which may limit their practicality in time-constrained or intra-operative settings.

Dual Encoders. Dual-encoder architectures can independently process fixed and moving im-

ages before merging their representations in a deeper latent stage of the network. For example,

the encoder can be used to generate descriptors for both images, which are then fed to a decoder

to predict a relevant output, such as displacement fields [190] or feature extraction [57, 107]. This

formulation allows for more tailored feature extraction from each image modality, enhancing the

registration’s flexibility in multimodal cases.

Multiresolution. Multiresolution architectures address the challenges of large deformations by
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decomposing the predicted displacement into hierarchical levels. Each level refines an upscaled

displacement field predicted at the previous resolution level while producing feature maps for sub-

sequent refinement [31, 186, 191, 192]. This coarse-to-fine strategy facilitates accurate alignment

by first resolving large-scale displacements and subsequently refining smaller details.

Instance Optimization. To overcome some intrinsic limitations of DL-based methods, espe-

cially the lack of large datasets for learning, many DL methods rely on IO. As the problem is highly

non-convex, this refers to employing a two-step approach where the deep registration model pre-

dictions are utilized as initializations for traditional IO techniques to refine and adapt the predicted

displacement field to the individual geometry and pathology of each case [102, 193–195].

Dynamic Regularization. Dynamic regularization addresses the limitation of fixed regulariza-

tion weights in DNNs by allowing the strength of deformation constraints to adapt at inference

time. This is commonly implemented using a lightweight auxiliary network, a hypernetwork, that

modulates parameters or feature statistics of the main registration model based on a conditioning

input. In this setting, the model learns how changes in regularization affect the deformation field

and adapts its internal feature representations accordingly. This enables continuous control over

deformation smoothness without retraining, supporting efficient patient-specific tuning, similar to

IO, while preserving the runtime advantages of learning-based registration.

2.3 Biomechanical Modeling of the Brain

Biomechanical modeling of the brain provides a physics-based framework for understanding and

predicting brain deformation during neurosurgical procedures [196,197]. This modeling approach

is grounded in continuum mechanics, allowing the brain to be represented as a deformable body

governed by mathematical models that describe deformation, stress, and strain to study phenomena

like elasticity, plasticity, and fluid flow.

Brain biomechanics in the scope of deformation modeling requires the construction of a phys-

ical model and a mathematical model to accurately simulate the appropriate behaviors of interest.

The physical model of brain deformation is defined by four key components: geometry, material

properties, boundary conditions (BCs), and loading [196]. Once the physical model is defined,

the governing equations that describe its behavior need to be considered. These equations of

continuum mechanics (that include mass, momentum, and energy) follow a Lagrangian frame-

work [198–201], where the modeling tracks the displacement of objects over time instead of at

fixed points in space. These PDEs, together with BCs, define the mathematical model associated

with the biomechanical model.

2.3.1 Brain Geometry

A biomechanical model of the brain requires detailed geometric information of the surfaces rep-

resenting its boundaries, the ventricles, and other relevant anatomical structures. This geometry is

typically reconstructed from segmentations of preMRI, including the parenchyma, ventricles, and

any lesions or tumors. Although this data can be acquired from atlas-based geometries [202–204],
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it does not suffice for the tasks of surgery planning and image registration for intra-operative

use. These tasks require patient-specific data acquired from radiological images, as anatomy and

pathology varies between individuals. For instance, although the external brain surface can be

easily extracted via skull-stripping algorithms [205, 206], the internal structures are harder to seg-

ment automatically, especially in the presence of pathologies such as tumors [207–209]. For these

cases, alternatives to segmentations have been studied, such as meshless discretization and fuzzy

tissue classification [210, 211].

In modern neurosurgical frameworks, this geometric information not only defines the simula-

tion domain but also serves as the reference configuration for intra-operative registration. In most

cases, the pre-operative anatomical model reconstructed from MRI is used to provide the baseline

geometry against which intra-operative deformations caused by gravity, cerebrospinal fluid (CSF)

drainage, or resection are measured and corrected.

2.3.2 Boundary Conditions and Loading

Boundary conditions define the interaction between the brain and its surrounding environment.

One of the most critical and challenging aspects of biomechanical modeling is how to model

the brain-skull interface [212, 213]. Early models assumed a fixed boundary, constraining all

motion at the inner skull surface [214, 215]. However, experimental and computational analyses

demonstrated that the brain can slide relatively to the skull, particularly after craniotomy and dural

opening, allowing it to be modeled as a frictionless sliding contact [216–218]. The skull itself is

much stiffer than the parenchyma, so it is assumed to be rigid and is modeled as such. Constraints

of the spinal cord on brain motion can also be simulated by constraining the spinal end of the

model in the same way.

Loading forces represent the physiological and surgical factors that induce brain deforma-

tion during neurosurgery. These include gravitational forces associated with patient positioning,

changes in intracranial pressure following CSF drainage and tumor resection, or external con-

straints imposed by surgical tools [14]. Intra-operative simulations often take boundary motions

derived from measurable displacements as the primary loading mechanism [219, 220]. For in-

stance, cortical surface motion captured by intra-operative imaging modalities (e.g., stereo vision,

US, or MRI) can be directly applied as BCs [221]. On the other hand, physiological effects like

gravity, head orientation, or CSF loss represent distributed forces and pressures [222–225]. The

integration of such physics-informed data allows the model to predict realistic brain deformations

from limited intra-operative cues.

2.3.3 Material Properties

The brain’s material properties are required quantitative physical parameters for the biomechani-

cal model, as they describe how the brain tissue responds under certain mechanical loads. They

include measures of tissue stiffness (e.g., elastic modulus), compressibility (e.g., Poisson’s ra-

tio), density, viscosity, and other non-linear constitutive parameters specific to the chosen material
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model [226–229]. The brain exhibits a very complex mechanical response, as its stiffness and

stress-strain relationship vary significantly under tension and compression [230, 231]. However,

modeling results are weakly dependent on the material properties when the loading is prescribed

as imposed motion on the boundaries of the geometry [232, 233]. Due to this, the brain is gener-

ally modeled as incompressible and isotropic at the macroscopic levels relevant to neurosurgical

simulation, using a simplified hyperelastic material model, such as the Neo-Hookean formula-

tion [220, 234, 235]. For scenarios involving large, non-linear deformations and heterogeneous

strain fields, a more advanced constitutive model, such as the Ogden formulation [225, 236], is

recommended. This is particularly relevant in tumor resection simulations, where accurately cap-

turing the mechanical response near resection margins requires modeling non-linear stress distri-

butions and the asymmetric behavior of brain tissue under tension and compression [224, 236].

2.3.4 Mathematical Model

The computational efficiency and accuracy of biomechanical brain modeling depend on the nu-

merical formulation adopted for solving the governing continuum mechanics equations. The con-

tinuous differential equations of motion that govern tissue deformation are solved step by step by

time integration [237, 238], and, under the applied loading conditions, the model evolves from an

initial configuration towards a steady state [239, 240].

Most commercial algorithms use the updated Lagrangian formulation [241], where all model

variables refer to the system’s configuration at the previous iteration step. This simplifies the im-

plementation of some physical behaviors but is computationally expensive as it requires all deriva-

tives with respect to the spatial coordinates to be recomputed at each time step. Conversely, in a

total Lagrangian formulation [201, 238, 242], all spatial derivatives are expressed with respect to

the initial undeformed configuration of the system and can therefore be precomputed. This formu-

lation drastically reduces the computational burden per step, making it particularly important for

time-critical applications such as surgical simulation and intra-operative image registration [196].

Time integration can be performed using either implicit or explicit methods [239, 240]. While

implicit methods [243] are unconditionally stable, they require the repeated solution of large non-

linear systems of equations at each time step. This makes implicit methods computationally ex-

pensive (up to three orders of magnitude larger than explicit methods [237]) and unsuitable for

intra-operative use [196]. Conversely, explicit integration methods [242, 244] are only condition-

ally stable but highly efficient since they do not require iterative solvers or full matrix computations

at each step.

To obtain a numerical solution, the brain volume is represented by a computational grid cre-

ated through spatial discretization [245]. This process divides the continuous domain into discrete

nodes that approximate the continuum equations numerically. Each node corresponds to a point

in the brain’s geometry where quantities such as displacement, velocity, and stress are computed.

The finite element (FE) method [246, 247] remains the most widely used numerical approach for

modeling brain biomechanics. In neurosurgical simulation and intra-operative registration, the
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computational grid usually takes the form of a FE mesh with low-order elements (e.g., 8-node

hexahedra or 4-node tetrahedra) to minimize computational cost. These elements define a fixed

mesh topology connecting nodes, and each element has shape functions that interpolate displace-

ment within its volume. Consequently, hybrid meshes combining both hexahedral and tetrahedral

elements are often employed, offering a practical balance between patient-specific accuracy and

computational speed [248–250].

An alternative to the FE method is the use of meshless methods [225, 235, 242, 244], which

eliminate the need for explicit mesh generation. Instead of constructing a structured element-based

grid, the computational domain is represented by a point cloud (i.e., a set of scattered nodes) dis-

tributed within the brain volume. This approach removes the need for strict mesh creation, allow-

ing straightforward automatic generation of patient-specific models directly from medical images.

In meshless formulations, field variables are approximated using shape functions defined solely by

nodal positions, without any strict element connectivity [210,251]. Because node placement is al-

most arbitrary, meshless methods are particularly robust under large deformations and topological

changes, such as those occurring during tumor resection or cortical collapse.

2.3.5 Biomechanics-constrained Intra-operative Registration

Within the context of intra-operative image registration, a biomechanical model can act as a reg-

ularizer for the registration to enforce biomechanical consistency [249, 252] when intra-operative

data is available (typically MRI, US, or stereovision). In the absence of complete intra-operative

imaging, biomechanical models may instead incorporate sparse intra-operative cues such as head

orientation, brain shift due to surgical retraction, or amount of CSF loss to update the pre-operative

anatomy [220, 253–256]. In these cases, their role shifts from registration to prediction, requiring

more advanced modeling and tissue characterization. Hybrid methods have also been proposed

that leverage partial volumetric data or surface information, using manually delineated cortical

surfaces [257], laser range scanning [258,259], or 2D microscope images [260,261]. In such sce-

narios, biomechanical models serve as a regularization prior where data is observed, and play a

predictive role to estimate the unobserved deformation field.

In the frameworks mentioned above, these pipelines reconstruct a patient-specific biomechan-

ical model from preMRI, which defines the undeformed reference configuration. Intra-operative

measurements are then incorporated as BCs or external loadings. Solving the resulting biome-

chanical system yields nodal displacement vectors that must be interpolated onto the image voxel

grid using robust schemes, such as multilevel B-splines [262, 263]. This interpolation step en-

ables real-time visualization of the warped pre-operative volume into the current intra-operative

state [220, 263] (Figure 2.3).

Validation studies [220, 264, 265] have shown that biomechanics-based registration outper-

forms rigid and spline-based approaches, and achieves comparable results to intensity-based de-

formable registration. Due to these strengths, recent advances have extended biomechanical mod-

eling of the brain toward physics-guided DL models, including physics-informed neural networks
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Figure 2.3: Registration based on biomechanical modeling of the brain. Pre-operative image
segmentation and geometry discretization are used to construct a patient-specific biomechanical
model, which is updated intra-operatively using boundary conditions, material properties, and
surgical cues (e.g., head orientation, tissue resection, cortical surface displacements, cerebrospinal
fluid amount) to compute a transformation T that maps the pre-operative anatomy M to the intra-
operative state T (M). Adapted from [220].

(PINNs) [131, 266, 267] and graph neural networks (GNNs) [268]. These approaches embed

biomechanical PDEs directly into neural architectures, allowing deformation prediction from lim-

ited intra-operative data with physical consistency and near real-time performance. Common

strategies also include using biomechanical models to generate synthetic ground-truth displace-

ments for supervised DL-based registration approaches [40] (such as this thesis), incorporating

PDE-based loss terms [131], using FE method outputs as priors or regularizers [142], or, alterna-

tively, directly driving FE-based models with sparse intra-operative information such as matched

keypoints [265].
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Chapter 3

Related Work

This thesis focuses on the task of aligning pre-operative and intra-operative magnetic resonance

imaging (iMRI) following tumor resection by predicting biomechanically plausible deformations

using sparse keypoints within a supervised learning framework. To achieve this, biomechani-

cal brain simulations were employed as ground truth to provide implicit, physically meaningful

constraints to the learning process. Consequently, it is essential to review the state of the art in

intra-operative and longitudinal image registration, examine how sparse keypoint interpolation is

currently applied in this context, and explore how biomechanical modeling of brain deformation

under tissue resection can serve as a source of physically-informed guidance for more realistic and

robust registration methods.

3.1 Intra-operative and Longitudinal Image Registration

Historically, image registration has been dominated by classical iterative methods that perform

case-specific optimization to align each individual image pair [269–272]. More recently, the field

has shifted toward deep learning (DL) frameworks that learn complex deformation mappings di-

rectly from data [30, 31, 56, 188, 273]. The following subsections review representative learning-

based approaches published in recent years (from 2020 to mid-2025), grouped according to how

they frame registration and handle clinical challenges such as multimodality and missing corre-

spondences. An overview of the main DL-based methods and datasets discussed here is provided

in Table 3.1 and Table 4.2.

3.1.1 Direct Displacement Field Regression

The most common DL formulation for registration directly regresses dense displacement fields

from image pairs using U-Net-like architectures [29, 30, 187, 273] (Figure 3.1-A). These models

take image pairs as input and directly predict a displacement vector for each voxel in the image

domain.

An example is iRegNet by Zeineldin et al. [274], originally proposed as a supervised U-Net

for pre-operative magnetic resonance imaging (preMRI) to intra-operative ultrasound (iUS) regis-

tration with real-time inference on the Brain Images of Tumors for Evaluation (BITE) [282] and

31
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Table 3.1: Summary of similarity losses, regularization strategies, and evaluation metrics used
in novel deep learning-based neurosurgical registration methods. The datasets used during model
training are also shown ( = BITE, = RESECT, = ReMIND, = BraTS-Reg, = Private).

Reference Dataset Similarity Term Regularization Term Evaluation Metric
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MRI-CT
[106] • • • • • • • •

US-US
[134] • •

MRI-US
[103] • • • •
[104] / • • •
[274] / • • • •

MRI-MRI
[32] • • • • • •

[275] • • • •
[276] • • • • • • •
[277] • • • • •
[195] / • • • •
[135] • • • • • •
[136] • • • • • •
[278] • • • •
[279] • • • •
[280] • • • • •
[105] • • • • •
[102] • • • •
[100] • • • • • • •
[281] • • • • • • •

MSE - Mean squared error; NCC - Normalized cross-correlation; MI - Mutual information; MIND - Modality
Independent Neighborhood Descriptor; IC - Inverse consistency; TRE - Target registration error; MAE - Maximum
absolute error; HD - Hausdorff distance; RMSE - Root mean squared error.

REtroSpective Evaluation of Cerebral Tumors (RESECT) [283] datasets. The same backbone was

later adapted [280] in a self-supervised setting for pre-operative to follow-up magnetic resonance

imaging (MRI) alignment in the Brain Tumor Sequence Registration (BraTS-Reg) (2022) chal-

lenge, showing how simple convolutional neural network (CNN) architectures can be repurposed

across modalities and tasks with appropriate loss function design. Supervised strategies have also

been used to learn deformation patterns directly from outputs of classic registration algorithms.

For instance, Shimamoto et al. [284] trained a dual U-Net (W-Net) to predict brain shift after

dural opening using displacement fields generated by the Demons [94] algorithm as supervision.

Although it achieved good mean target registration error (TRE) results when compared to standard

affine approaches, the upper bound of supervised models is constrained by the quality and biases

of the ground truth used during training, a general limitation of supervised methods.
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Table 3.2: Comprehensive comparison of key publicly available datasets for benchmarking neuro-
surgical image registration.

Dataset RESECT [283] BITE [282] ReMIND [285] BraTS-Reg
[286]

Clinical Data
# Patients (M:F) 23a 14 (9:5) 114 (61:53) 259a

Age (years) > 18a 52.00± 17.05

(23–76)
46.83± 14.76

(20–76)
>18a

Tumor Volumeb

(cm3)
40.0± 44.09

(1.4–165.9)
34.65± 23.62

(0.2–79.2)
24.08± 23.31

(0.1–138.5)
–

Glioma Type LGG (23) LGG (4), HGG (10) LGG (34), HGG (60) HGG (259)

Magnetic
Resonance
Scanner 3 T Magnetom Skyra

1.5 T Magnetom Avanto
(Siemens)

1.5 T Signa EXCITE
(GE Healthcare)
3 T Magnetom Trio
(Siemens)

3 T Magnetom Verio
(Siemens)

–

Sequences ceT1, T2-FLAIR ceT1, T2 c T1, ceT1, T2,
T2-FLAIR

T1, ceT1, T2,
T2-FLAIR

Voxel Size 1 mm3 1 mm3 Variable 1 mm3

Navigation
Unit Sonowand Invite

(Sonowand AS)
IBIS NeuroNav [287] Cranial Navigation

(Brainlab)
–

Tracking Polaris Spectra
(Northern Digital Inc.)

Polaris
(Northern Digital Inc.)

Polaris Spectra
(Northern Digital Inc.)

–

Ultrasound
Processing Built-in HDI 5000

(Philips ATL)
bk5000
(BK Medical)

–

Probe 12FLA-L (linear)
(Sonowand AS)

P7-4 (phased)
(Philips ATL)

N13C5 (curved)
(BK Medical)

–

Frequency 12–6 MHz 7–4 MHz 13–5 MHz –
Resolution 0.14 mm3 to

0.24 mm3
0.3 mm3 0.1× 0.1× 0.5 mm –

Annotations
Landmarks
(per patient)

16–34 (US-US)
9–16 (MRI-US)

19–40 (MRI-US) Not yet available 6–50
(MRI-MRI)

Segmentations Tumor, parenchyma, re-
section cavity [288]
(manual)

Tumor (manual) c Tumor, resection cav-
ity (manual)
c Parenchyma, ventri-
cles (automatic)

–

SotA
Accuracy
(TRE)

< 1–2 mm
[104, 274, 289]

1–2 mm
[104, 274]

3–5 mm
[290]

1–3 mm
[286]

TCIA - The Cancer Imaging Archive; LGG - Low-grade glioma; HGG - High-grade glioma; T1 - T1-weighted;
ceT1 - Contrast-enhanced T1-weighted; T2 - T2-weighted; FLAIR - Fluid-attenuated inversion recovery;
MRI - Magnetic resonance imaging; iUS - intra-operative ultrasound.

a This dataset does not provide data regarding patient age or gender.
b Tumor volume is quantified based on manually drawn boundaries in the pre-operative MRI.
c Data not available for every patient.
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3.1.2 Landmark- and Feature-based Registration

Landmark- and feature-based methods adopt a different perspective, focusing on sparse salient

structures or anatomical label maps to drive the registration rather than relying on dense voxel-wise

alignment [37–39, 291] (Figure 3.1-B). By detecting and matching keypoints or features across

images, these approaches tend to be more robust to large deformations, partial fields of view, and

topological changes. They also offer increased interpretability, as correspondences can be visual-

ized and quantitatively inspected. Such properties make these methods particularly well-suited for

clinical applications involving complex anatomical changes (e.g., tumor resection), sparse anno-

tations, or multimodal data.

Pirhadi et al. [107] illustrates this paradigm with a two-stage Siamese CNN for iUS-to-iUS

registration inspired by object-tracking tasks. Their pipeline uses 2.5D patches across orthog-

onal planes to learn cross-modal correspondences, followed by affine transformation estimation

via iterative reweighted least squares [292]. The model was pretrained on natural images and

fine-tuned on medical data, showing strong performance with lower complexity compared to fully

convolutional networks. However, the approach remains semi-automatic as it relies on manual an-

notation of reference landmarks. Moving beyond purely geometric keypoints, Nasser et al. [105]

proposed WSSAMNet, which first segments regions of interest around manually annotated land-

marks and then uses these segmentations as attention maps to guide a subsequent registration step.

These maps guide the registration network toward relevant anatomical structures and help man-

age scenarios with missing correspondences, outperforming purely intensity-based baselines like

VoxelMorph [30] and SyN [33] on the BraTS-Reg (2022) challenge.

3.1.3 Transformer-based Registration

Motivated by the success of Transformers in both natural language processing [175] and computer

vision [293], several registration methods have explored attention mechanisms to capture long-

range spatial dependencies [56, 189] (Figure 3.1-C). However, standard 3D Transformer models

are computationally demanding, which limits their practicality for high-resolution neuroimaging.

Aziz et al. [103] addressed this limitation with EfficientMorph, a parameter-efficient Trans-

former based model for both uni- and multimodal registration. Their innovations include plane-

wise attention mechanisms, where the model decomposes the problem into a sequence of 2D

attentions across orthogonal planes, and efficient high-resolution tokenization by grouping and

concatenating the features of adjacent non-overlapping voxel token blocks. This design signif-

icantly reduces memory and parameter count while retaining competitive performance, yielding

state-of-the-art results on the ReMIND2Reg1 dataset [129, 285, 294] with lower TRE, 16× fewer

parameters, and 5× faster convergence than TransMorph [56]. This study shows that Transformer

performance and clinical feasibility are not mutually exclusive, though plane-wise attention may

be slightly less effective at capturing complex 3D interactions compared to true 3D attention.

1https://doi.org/10.5281/zenodo.12700312
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Figure 3.1: Representative deep learning frameworks for medical image registration. Blue ar-
rows show the inputs to the objective function that guides backpropagation. (A) Direct Displace-
ment Field Regression (Section 3.1.1): convolutional encoder-decoder networks directly predict
dense voxel-wise displacement vectors between moving and fixed images by minimizing a com-
posite loss comprising image similarity (Lsim) and regularization (Lreg) terms. (B) Landmark-
based Registration (Section 3.1.2): these networks detect, match, and/or take sparse anatom-
ical landmarks as input, using these correspondences to derive the displacement field. Green
lines and stars represent matched keypoints between images. (C) Transformer-based Registration
(Section 3.1.3): networks employ self-attention mechanisms to capture long-range spatial depen-
dencies and global context, improving structural coherence and alignment across distant anatom-
ical regions. (D) Adversarial Learning (Section 3.1.4): registration is guided by a discriminator
network that distinguishes between realistic and unrealistic deformations, enforcing anatomical
plausibility via a learned similarity measure, or adversarial loss (Ladv). (E) Synthesis-driven Mul-
timodal Registration (Section 3.1.4): modality translation networks (e.g., MRI↔US synthesis)
generate synthetic counterparts to facilitate cross-modality alignment. Registration and synthesis
are jointly optimized with an added synthesis or adversarial losses (LGAN ).

3.1.4 Generative Adversarial Networks-based and Synthesis-driven Multimodal
Registration

Multimodal registration, such as MRI-to-ultrasound (US) or MRI-to-computed tomography (CT),

remains one of the most challenging problems in neurosurgical image analysis due to the large

differences in image characteristics across modalities. Traditional similarity metrics employed in

multimodal scenarios, such as normalized cross-correlation (NCC) or mutual information (MI),

may still fail due to these fundamental differences in intensities, gradients, and noise. To ad-

dress this, recent research explored the use of generative adversarial networks (GANs) [180] and
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multimodal hierarchical variational autoencoders (MHVAEs) [295], which either implicitly learn

modality-invariant representations through adversarial training (Figure 3.1-D) or synthesize cross-

domain images into a common appearance space to facilitate alignment (Figure 3.1-E).

Han et al. [106] exemplify a synthesis-driven design by combining a CycleGAN for bidi-

rectional MRI-CT translation with a dual-channel registration network that operates on real pre-

operative and synthetically deformed intra-operative images. Uncertainty maps learned during

synthesis are used to weight the contributions of each modality, ensuring that more reliable reg-

istration paths dominate where confidence is higher. Training incorporated standard cycle con-

sistency and adversarial losses, along with a unique structure-consistency loss that measures the

L1-norm between Modality Independent Neighbourhood Descriptor (MIND) features of the syn-

thesized and input images. Similarly, Rahmani et al. [104] introduced D2BGAN, a Dual Discrimi-

nator Bayesian GAN for preMRI-to-iUS registration incorporating probabilistic priors in the form

of a Bayesian term in the cycle-consistency loss and a standard MI-based loss to enforce cross-

modal structural consistency. This probabilistic formulation does not rely on voxel intensities,

making it efficient and informative for multimodal cases.

Rather than relying solely on explicit similarity losses, some adversarial frameworks use the

discriminator itself as a learned surrogate for alignment quality. Wodzinski and Skalski [134]

proposed a real-time GAN-based affine registration network for iUS-to-iUS alignment, where the

generator directly predicts affine transformation parameters and the discriminator learns to distin-

guish aligned from misaligned volume pairs. The model achieved competitive TRE on the RE-

SECT dataset with submillisecond inference times. This setup reframes registration as a learned

assessment of alignment quality, allowing the discriminator to encode complex notions of corre-

spondence that are difficult to express with traditional similarity metrics. Other work, such as that

by Dorent et al. [295], uses MHVAEs to synthesize MRI from US and demonstrate that synthesis

substantially enhances registration accuracy and feature matching, as the registration then occurs

between the same modality. This framework was later leveraged to train a cross-modal feature

matcher between MRI and US [39, 296], further underscoring the value of generative synthesis in

reducing cross-modality complexity.

3.1.5 Multimodality Fusion

In clinical practice, medical imaging often involves multiple modalities or sequences, each cap-

turing different aspects of brain anatomy or pathology. However, the heterogeneity and anisotropy

of these inputs, such as varying spatial resolutions or contrasts, pose significant challenges for

learning-based models. Instead of relying on a single input, some novel approaches employ modal-

ity fusion strategies that aim to combine data from multiple sources during the registration process.

One example of view-wise fusion is the MSF-AR Net proposed by Liu et al. [278], which

addresses the resolution anisotropy commonly found in MRI by processing axial, sagittal, and

coronal views in parallel streams. Its cross-attention-guided fusion module dynamically fuses

the outputs of each stream by learning spatial attention weights that select the most trustworthy
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deformation information from each plane. Abderezaei et al. [279] adopted a different strategy,

employing an Inception-style [297] network to fuse multiparametric MRI into one channel, learn-

ing and encoding modality-specific features. This fused input is processed by a TransMorph-based

registration network with a Swin Transformer [298] encoder for long-range context modeling. On

the BraTS-Reg dataset, this approach notably outperformed the baseline TransMorph in cases with

complex tumor changes.

3.1.6 Handling Absent Correspondences in Longitudinal Registration

One of the most difficult aspects of brain tumor registration is the presence of non-corresponding

regions, such as resection cavities or newly formed lesions, which are present in one image but not

in the other. This violates standard assumptions of smooth and invertible deformations. Failing to

account for these changes can lead to implausible deformations, high errors, and distorted anatomy

near the lesion. Recent studies have proposed to tackle this issue by learning to detect and exclude

non-corresponding regions during registration and by adopting multiresolution pyramidal network

architectures [31, 130, 188, 192].

The DIRAC framework by Mok and Chung [32] is a prominent example that focuses on

consistency-based masking. Built on a bidirectional multiresolution backbone (LapIRN [31, 55]),

DIRAC registers image pairs in both forward and backward directions and computes a voxel-wise

consistency error. Regions with high inconsistency are assumed to represent missing or altered

anatomy and are excluded from the similarity loss through a learned mask. This prevents the net-

work from forcing unrealistic correspondences near tumor cavities or resected regions. DIRAC

achieved the top rank in the BraTS-Reg (2022) challenge (MICCAI track) and strongly influenced

subsequent models. Zhang et al. [276] extended this idea to allow multiparametric MRI inte-

gration by incorporating parallel contrast-specific pyramid streams and refining the inconsistency

mask using morphological post-processing. This refinement proved effective in improving the

sensitivity and specificity of non-correspondence detection, achieving comparable performance to

DIRAC while incorporating richer multimodal cues.

Other recent studies enhance correspondence handling with explicit priors or focused atten-

tion. Feng et al. [275] introduced a stepwise corrected-attention mechanism that modulates net-

work focus at each resolution level. This mechanism uses the displacement field from previous res-

olution levels and the corresponding warped segmentation of the pre-operative lesion to emphasize

stable tissue while down-weighting pathological areas. This approach improves alignment around

resection cavities, but is sensitive to the quality of segmentations. A different strategy is taken

by Meng et al. [100], which presents NICE-Net, a noniterative cascade network, that combines

an unsupervised NCC loss with sparse landmark supervision, providing weak geometric guidance

in regions where intensity-based matching is unreliable (i.e., the resection cavity). Their model

additionally incorporates inter-subject pretraining and case-specific fine-tuning to better adapt to

individual patient anatomy.

Beyond geometry-based masking, Tang et al. [135] proposed an auxiliary-image-based in-
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tensity consistency constraint. Instead of relying on consistency calculations between just two

images, the model introduces a third, auxiliary image, and compares the direct registration path

with an indirect one via the auxiliary scan. Differences between these two paths form a soft weight

map that down-weights unreliable regions. This approach is particularly appealing for longitudinal

studies with multiple time points. Similarly, Wu et al. [136] proposed a self-explainable approach

using internal model behavior to detect inconsistencies without requiring explicit masks. Their

method introduces noise-removed inconsistency activation maps, which highlight regions where

the model struggles to reduce the similarity loss. The resulting maps serve as soft masks to weigh

the loss function, improving robustness to unreliable or missing correspondences.

In contrast to all masking-based approaches, Joshi and Hong [99] introduced MetaRegNet, a

metamorphic image registration framework that explicitly models both deformation and appear-

ance changes. Their architecture uses dual branches to learn a smooth spatial deformation and

an additive intensity source term representing new or missing structures (e.g., resection cavity or

tumor recurrence). Built employing Lipschitz continuous residual blocks [299], the model encour-

ages physically plausible deformations while accounting for lesion-induced mass effects.

3.1.7 Hybrid Learning

Even though DL-based registration models enable fast inference, they may fail to capture patient-

specific details or generalize to out-of-distribution data. To mitigate this, hybrid registration frame-

works have been proposed that integrate classic instance optimization (IO) with learning-based

models at different stages of the pipeline. In these approaches, IO may be used to provide ro-

bust initial alignment, to refine deep network predictions at test time, or to be interleaved with

learning-based components across multiple stages. In doing so, these frameworks iteratively tailor

the deformations to the patient’s specific anatomy and pathology.

A key example is the work of Wodzinski et al. [102], who proposed a multistage pipeline

that first performs affine registration via IO, followed by non-rigid deformation prediction using a

modified LapIRN. The predicted displacement field is then refined through a multiresolution non-

rigid optimization stage guided by inverse consistency (IC). During this refinement, voxel-wise

weights derived from forward-backward consistency modulate each term of the objective func-

tion, enabling precise corrections in challenging regions. This hybrid strategy won first place in

the BraTS-Reg (2022) challenge (IEEE ISBI track), highlighting the benefits of combining global,

data-driven predictions with local, optimization-based refinements. Similarly, Waldmannstetter

et al. [195] extended VoxelMorph with a test-time IO refinement phase, showing systematic im-

provements near tumor margins. The model was trained with a composite mean squared error

(MSE) and NCC loss to balance global intensity consistency with local structural alignment. Ap-

plied to pre-to-iMRI registration, this step consistently improved TRE over baseline VoxelMorph.

The study also demonstrated that combining complementary similarity metrics improves conver-

gence and robustness, suggesting hybrid loss designs can outperform single-metric formulations.

In multimodal registration, Ha and Heinrich [194] proposed a modality-agnostic, self-supervised
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framework that pairs deep feature learning with classic optimization for preMRI-iUS registration.

A 3D CNN is trained to predict MIND descriptors, producing dense, modality-invariant features

used to estimate probabilistic displacements on a sparse control grid, which are then interpolated

and refined in a fast IO step.

As the field matures, these two components are no longer viewed as mutually exclusive but

rather as synergistic tools: DL provides powerful priors and initial estimates while classic IO

remains valuable for robustness, especially in complex and unique pathological settings.

3.2 Sparse Keypoint Interpolation for Deformable Registration

As discussed in Section 2.1.4, parametric registration methods represent non-rigid deformations

using a sparse set of landmarks/keypoints combined with basis functions or splines. In this set-

ting, the core idea is to estimate displacements only at a limited number of salient locations and

then interpolate a dense displacement field over the entire volume. Sparse keypoint interpolation

typically proceeds in three steps: (i) detect or provide keypoints in both fixed and moving images

(often along with local descriptor vectors), (ii) establish correspondences between these points,

and (iii) use the resulting sparse displacement vectors as conditioning for an interpolation model,

such as splines [77], or Gaussian process (GP) regression [87].

Approaches driven by keypoints typically rely on feature detectors and descriptors (previously

reviewed in Section 2.1.5), such as Scale-Invariant Feature Transform (SIFT) [119], Speeded-Up

Robust Features (SURF) [120], MIND [124], Learned Invariant Feature Transform (LIFT) [126],

or SuperPoint [125], to identify meaningful and salient locations. Once correspondences are es-

tablished between the moving and fixed images, geometric interpolators propagate the sparse dis-

placements at these keypoints across the image volume. Although effective in many applications,

these interpolators impose global smoothness and continuity assumptions that limit their ability to

model the complexities of neurosurgery. They often produce globally smooth deformations that do

not account for sliding motions, tissue stiffness, or discontinuities caused by resection. Although

the interpolated displacement fields are mathematically regular, they can be biomechanically im-

plausible. These limitations motivate hybrid frameworks where sparse keypoints provide robust

correspondences, while additional physical or learned priors refine their interpolation.

Several recent works have continued to focus on designing descriptors and networks that

are contrast-invariant and anatomically meaningful for multimodal neurosurgical applications.

Rasheed et al. [39] proposed learning contrast-invariant descriptors for MRI-US registration using

a synthesis-based framework, in which synthetic ultrasound is generated from MRI to serve as a

training target for contrastive learning. Morozov et al. [296] extend this concept into a 3D setting,

learning descriptors for MRI-US volumes that enable patch-based rigid registration using a sparse

set of keypoint matches. Similarly, Salari et al. [300] further demonstrate how contrastive learning

can produce MRI-US landmark detectors that align with clinically meaningful structures such as

vessels and sulci.

Recent learning-based approaches take a keypoint-driven registration approach by integrat-
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ing feature detection, matching, and dense interpolation into end-to-end registration frameworks.

Wang et al. [38] exemplifies this with KeyMorph, a network that learns corresponding keypoints

and estimates an affine transformation directly from them in an end-to-end framework. Rather

than relying on fixed hand-crafted descriptors, the produced keypoints adapt to anatomical struc-

tures during learning. This combination provides both interpretability and robustness to large

misalignments. The same authors extend this principle to a much larger scale by training Brain-

Morph [291], a foundational keypoint model, trained on over 100K brain MRI scans. It supports

multimodal, pairwise, and groupwise registration and allows flexible parameterizations of the de-

formation model, making it one of the first keypoint-driven foundation models for neurosurgical

alignment. Heinrich et al. [37] propose a hybrid strategy that integrates sparse keypoint detection

within a U-Net registration backbone. The method predicts probabilistic heatmaps for candidate

keypoint locations and estimates corresponding matches through local correlation volumes. This

yields a hybrid model that benefits from deep features while retaining the interpretability of key-

point registration.

Overall, sparse keypoint interpolation offers a robust and interpretable alternative to dense

similarity-based registration, particularly when anatomy undergoes significant deformation or

when only limited intra-operative data are available or large topological changes are present [117].

Classic interpolators remain fast and simple but lack biomechanical realism, limiting their ability

to capture complex brain motion. Recent learning-based methods mitigate some of these issues

by integrating keypoint detection in a learning framework with more flexible deformation models

that yield reliable alignment in challenging neurosurgical settings. Yet, ensuring that interpolated

fields remain biomechanically plausible remains an open and critical challenge given the reliance

on sparse measurements during surgery. Addressing this need is a central motivation of this thesis,

which seeks to integrate biomechanical constraints into keypoint-driven deformation estimation.

3.3 Biomechanical Modeling of the Brain in Neurosurgery

Constructing a biomechanical model of the brain serves a wide range of neurosurgical tasks: sur-

gical training, pre-operative planning, and intra-operative registration. Within the context of the

last, biomechanical modeling has long been explored as a means to compensate for brain shift

brought on by craniotomy, gravity, cerebrospinal fluid (CSF) loss, and tumor resection [253–256].

The most widely adopted approaches rely on patient-specific finite element (FE) simulations

to estimate whole-brain deformation under intra-operative loads. A representative example in-

cludes the work of Mostayed et al. [220], who developed fast explicit solvers to generate clin-

ically usable biomechanical model predictions for craniotomy-induced shift correction. Their

workflow constructs individualized brain meshes from preMRI, segmenting parenchyma, tumor,

and ventricles, and assigning them specific material properties. Cortical displacements derived

by rigidly aligning preMRI and iMRI act as the boundary conditions (BCs). To satisfy the strict

intra-operative time constraints, the authors adopt a total Lagrangian explicit dynamics (TLED)

formulation implemented for graphics processing units (GPUs) [301], avoiding iterative solvers
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and producing deformation updates in seconds. Evaluated on a large retrospective database of

glioma patients available at the Children’s Hospital in Boston, the method consistently outper-

forms classic B-spline registration, particularly in regions undergoing large shifts where image

registration approaches struggle to maintain physical plausibility.

As intra-operative imaging availability varies, some methods often seek to incorporate only

sparse but reliable structural cues. Morin et al. [249] proposed a biomechanical model driven by

vascular information extracted from preMRI and iUS. By matching vessel trees using an itera-

tive closest point algorithm [302] and enforcing sliding or directional constraints, their method

captures both craniotomy- and resection-related deformation without explicitly modeling the re-

section cavity. Validated on retrospective studies with near-intra-operative runtimes, this work

offers a computationally efficient solution when only limited data are available.

Other frameworks integrate richer but still incomplete intra-operative measurements into their

models, such as stereo camera reconstructions. Fan et al. [303] combine intra-operative stereovi-

sion with a patient-specific FE model guided by sparse displacement constraints. These displace-

ments are measured before resection using textured cortical surfaces and vascular features, and

during resection using optical-flow tracking. This enables the generation of updated MRI volumes

that qualitatively match intra-operative imaging in proof-of-concept demonstrations.

Tumor resection introduces topological changes that challenge static mesh representations,

motivating the development of adaptive biomechanical frameworks. Drakopoulos et al. [224]

address this by dynamically removing mesh elements corresponding to resected tissue and incor-

porating sparse displacement vectors extracted from iMRI. This adaptive FE domain evolves with

the surgical cavity and improves deformation accuracy relative to rigid and B-spline baselines

while maintaining runtimes compatible with surgical workflows.

Atlas-based methods provide yet another alternative by avoiding full FE re-solving altogether.

Sun et al. [259] construct a large deformation atlas that captures expected variations in patient

positioning, CSF drainage, and edema growth. Sparse intra-operative measurements are then used

to search the deformation atlas for the best-matching global displacement field. While less flexible

than fully dynamic FE approaches, an atlas-based solution achieves faster updates and is useful

when intra-operative data are limited.

Finally, to reduce the manual burden on surgeons associated with generating patient-specific

models, automated and meshless methods have emerged. Yu et al. [225, 236] employ a mesh-

less TLED [235, 242] framework with automated preprocessing and fuzzy tissue classification to

construct patient-specific biomechanical models from preMRI, eliminating the need for strict FE

meshing or hard segmentations. The loading relies on gravity forces guided by the incision vector

direction, along with resection-induced reaction forces estimated at the tumor boundaries. This

fully automated pipeline significantly decreases preprocessing effort while producing accuracy on

par with established B-spline registration.
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Chapter 4

Methods

4.1 Overview and Problem Setting

The proposed framework assumes access to a pre-operative magnetic resonance imaging (preMRI),

Ipre ∈ RD×W×H , where D denotes the depth, W the width, H the height, and a sparse set of M

matched keypoints {(xi,yi)}Mi=1, where (xi,yi) ∈ R3 ×R3 represent corresponding 3D anatom-

ical locations in the pre-operative and intra-operative spaces, respectively. The matched keypoints

may be obtained either manually or automatically from any intra-operative imaging modality, such

as intra-operative ultrasound (iUS). At each keypoint (xi,yi), the displacement vector di = yi−xi

captures the local brain displacement occurring during surgery. The objective is to estimate a dense

and physically plausible displacement field ϕ ∈ R3×D×W×H that estimates the surgical brain de-

formations. To this end, a deep interpolator fθ is trained, parameterized by learnable parameters

θ, using biomechanical simulations (Figure 4.1).

Preop. MRI and
segmentations

Preop. MRI and
sparse displacements

Interpolated (initial)
displacement field

Residual 3D U-Net
Refined (predicted) 
displacement field

Patient-specific brain
surface geometries
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tumor reaction forces  
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Figure 4.1: Overview of the proposed framework. A biomechanical simulation generates synthetic
ground-truth displacement fields using pre-operative MRI and joint segmentation of tumor and
surrounding structures. Sparse intra-operative keypoint displacements are interpolated to form an
initial estimate, which is refined by a residual 3D U-Net. The final displacement field is supervised
using voxel-wise error and a Jacobian-based regularization loss. Adapted from [40].
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4.2 Clinical Data

This work leverages large-scale, publicly available collections of multimodal imaging data from

brain tumor surgeries. This data has been rigorously curated, fully de-identified, and distributed

via The Cancer Imaging Archive (TCIA) in standardized formats, making it a valuable benchmark

to support research in brain shift compensation, image-guided neurosurgery, and computational

method development. A description of the final processed data actually used for training and

evaluation can be found in Section 4.5.

4.2.1 The Brain Resection Multimodal Imaging Database (ReMIND)

The Brain Resection Multimodal Imaging Database (ReMIND) [285] database is the largest pub-

licly available collection of multimodal imaging data from brain tumor surgeries. It includes 114

patients treated at the Advanced Multimodality Image Guided Operating suite at Brigham and

Women’s Hospital between 2018 and 2022, covering gliomas (n = 92), metastases (n = 11), and

other non-glioma tumors (n = 11). The dataset contains 369 multiparametric preMRI series (T1-

weighted (T1), contrast-enhanced T1-weighted (ceT1), T2-weighted (T2), and T2-fluid-attenuated

inversion recovery (FLAIR)), 320 three-dimensional iUS volumes, 301 intra-operative magnetic

resonance imaging (iMRI) series, and 356 expert-validated segmentations (Figure 4.2). Ultra-

sound data were reconstructed from tracked sweeps at up to three surgical stages (before dural

opening, after dural opening, and after tumor resection), while iMRI was performed to assess

residual tumor. Segmentations include pre-operative and residual tumor, cerebrum, ventricles, and

prior resection cavities. Detailed demographic, histopathological, and surgical metadata are also

provided.

For this work, all ReMIND images were resampled to 1 mm3 isotropic resolution, and intra-

patient rigid coregistration was performed using the ”General Registration (BRAINS)” module in

3D Slicer [304], a free open source software for medical image analysis and visualization.

4.2.2 University of Pennsylvania Glioblastoma (UPenn-GBM) Dataset

The University of Pennsylvania Glioblastoma (UPenn-GBM) dataset [305] is a multiparametric

magnetic resonance imaging (MRI) collection of 630 glioblastoma patients imaged at the Hos-

pital of the University of Pennsylvania between 2006 and 2018. It includes T1, ceT1, T2, and

T2-FLAIR scans acquired at pre-operative (n = 611), follow-up (n = 19), or both (n = 41)

time points. Imaging was acquired on scanners from multiple manufacturers, co-registered to the

SRI24 template [306], skull-stripped, and resampled to 1 mm3 isotropic resolution. Both manual

and automatic tumor masks delineating the enhancing tumor, necrosis, and peritumoral edema at

each time point are also provided and curated by experts. Additional metadata included patient

demographics, molecular markers, and treatment timelines, providing clinical context for imaging

analyses in machine learning.

Both of these datasets provide complementary strengths for this work: ReMIND offers high-
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Figure 4.2: Illustrative examples of imaging data drawn from ReMIND are presented for three
distinct patients: case #51 (A-D), case #6 (E-H), and case #81 (I-L). (A, E, I) Segmentations are
superimposed on the pre-operative MRI, delineating the cerebrum in white, the ventricles in blue,
and the whole tumor in pink. (B, F, J) Pre-operative MRI is shown with yellow circles and arrows
highlighting regions that suffered notable brain shift during surgery. (C, G, K) Intra-operative
MRI is annotated with red boxes specifying the field of view of the intra-operative US. (D, H, L)
Intra-operative US shows a focused view of the resection cavity during resection.

quality intra-operative multimodal imaging for studying brain shift and evaluating the simulated

surgical deformations against real cases, while UPenn-GBM contributes a large longitudinal co-

hort for training and evaluating the proposed model across a large and wide range of glioblastoma

cases. Their combination enables realistic modeling of intra-operative changes while supporting

generalization across institutions and pathologies.

4.3 Synthetic Ground Truth Generation

The goal of the deep interpolator fθ is to estimate a dense displacement field from a sparse set of M

displacement vectors {di}Mi=1. In the absence of ground-truth dense displacements in clinical data,

the interpolator is trained using synthetic displacements generated through biomechanical simu-

lations. Specifically, the biomechanical framework introduced in [225, 236] was adopted, which

simulates brain deformations induced by tumor resection using the meshless total Lagrangian

explicit dynamics (MTLED) algorithm [235, 242]. This approach employs a total Lagrangian for-

mulation with explicit time integration to realistically model intra-operative tissue deformation.
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Figure 4.3: Pre-operative brain magnetic resonance imaging (MRI) with tumor segmentation and
the corresponding volumetric surface model. (Left) Axial MRI slice showing the segmented brain
(gray) and tumor (red). (Right) Volumetric surface model reconstructed from segmentations, used
for geometry discretization in the biomechanical modeling pipeline.

4.3.1 Patient-Specific Geometry

The biomechanical framework requires patient-specific brain geometry, including the surfaces of

the tumor core and surrounding structures: brain parenchyma, cerebrospinal fluid (CSF), and skull,

which must be extracted from the preMRI data. While the segmentation of brain regions in the

presence of tumors can be obtained using dedicated frameworks [307, 308], these methods do not

delineate the CSF and skull. Instead, SynthSeg [309] was employed on ceT1 images to obtain the

required segmentations. Although not specifically designed for pathological data, its outputs in-

clude the segmentation of the parenchyma with the surrounding CSF, which allows us to delineate

these spaces with sufficient accuracy to approximate both the brain-CSF interface and the skull

boundary. These approximations provide the necessary data to define the boundary conditions

(BCs) for the biomechanical model. The SynthSeg segmentations were then merged with the tu-

mor core segmentation into a binary labelmap, thus ensuring that complete tumor representations

are present even in cases where SynthSeg outputs incomplete or partially missing tumor structures

due to the previously mentioned limitations. This labelmap is subsequently converted into vol-

umetric surface (hollow) models using the “Model Maker” module in 3D Slicer, generating the

primary geometric input for the biomechanical simulation pipeline (Figure 4.3).

4.3.2 Biomechanical Simulations

Surgical brain deformations in the frame of this thesis are assumed to be primarily driven by

gravity and tissue resection [225, 236]. Before craniotomy, the brain is in an unloaded state in

which gravitational forces are balanced by the buoyancy of intracranial fluids. Craniotomy dis-

rupts this equilibrium due to pressure release, resulting in gravity-induced brain deformation. Sub-

sequently, tissue resection further amplifies this process by removing structural support within the

brain parenchyma, creating a resection cavity that allows surrounding tissue to relax, collapse, or

shift toward the cavity under gravity and residual stresses.
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Figure 4.4: Discretized brain geometry with a tetrahedral integration grid. The brain domain is
shown in a sliced view to expose the interior, with points associated with the tumor highlighted in
red.

The meshless approach uses a cloud of points for spatial discretization and tetrahedral back-

ground cells with one integration point per cell, simplifying grid construction compared to tra-

ditional finite element (FE) methods. As stated in the previously cited works of Yu et al., these

”tetrahedral integration cells are not finite elements and they do not need to meet the stringent

quality requirements demanded by a finite element biomechanical brain model”. Each brain ge-

ometry was composed of 20K–25K nodes. Two biomechanical brain models are constructed: a

preresection model that includes the tumor, and a post-resection model in which tumor nodes and

their connectivity are removed to simulate the resection cavity (Figure 4.4).

The assumed parameters for the Ogden hyperelastic material model that describe the non-

linear stress-strain behaviour of the brain were used in [236] and are reported in Table 4.1. These

parameters, including shear modulus µ, Poisson’s ratio ν, material constant α, and material con-

stant D = 3(1−2ν)
µ(1+ν) describe physical properties of the brain, and have been previously calculated

and applied in the literature [210,229,232]. The parenchyma is modeled as nearly incompressible

(ν = 0.49), whereas CSF is modeled as highly compressible (ν = 0.10) to reflect fluid drainage

dynamics. The tumor is modeled as being stiffer than healthy tissue (µ0 = 842 Pa), with a shear

modulus three times higher (µ0 = 2526 Pa). A density value of 1000 kg/m3 was additionally used

in all situations.

Table 4.1: Ogden hyperelastic material parameters assigned to brain parenchyma, tumor tissue,
and cerebrospinal fluid (CSF) for the biomechanical brain model.

Tissue Type Shear Modulus Poisson’s Ratio Material Constant Material Constant
µ (Pa) ν α D (Pa−1)

Parenchyma 842 0.49 −4.7 4.78× 10−5

Tumor 2526 0.49 −4.7 1.59× 10−5

CSF 4.54 0.10 2.0 4.81× 10−1
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Figure 4.5: Fuzzy tissue classification and material property assignment used in the biomechanical
model. (A) Example of fuzzy clustering memberships derived from pre-operative MRI, showing
voxel-wise memberships for brain parenchyma, ventricles/CSF, and tumor. (B) Excerpt from the
material properties file generated from the clustering results, listing the material properties as-
signed at integration points. Integration points located within homogeneous tissue regions receive
100% weighting from the corresponding tissue properties, while points near tissue interfaces are
assigned weighted properties based on the membership functions.

The material properties are assigned at each integration cell of the brain model using a fuzzy C-

means clustering algorithm [310]. This probabilistic labeling avoids the need for explicit segmen-

tations and provides greater flexibility by assigning each integration cell a probability of belonging

to each tissue class rather than a fixed label. Three clusters (i.e., tissue classes; C = 3) were used

for the clustering algorithm, namely the parenchyma (i.e., healthy tissue), ventricles/CSF, and

tumor. The material properties MP at each location j ∈ Ω of the image domain are then interpo-

lated by computing a weighted sum of the properties of each tissue class C, using the membership

functions {ujk}Ck=1 derived from clustering voxel intensity data:

MPj =

C∑
k=1

ujk ×MPk, (4.1)

i.e., the material property values at each integration node are weighted by the probability of that

node being assigned to one of the three tissue types. An example of clustering results, along with
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the material properties computed for a sample of integration nodes, is illustrated in Figure 4.5-A

and Figure 4.5-B, respectively.

Gravity-induced deformations are then simulated using the MTLED solver by first computing

the internal forces at the tumor-parenchyma interface, defined as the set of nodes shared between

the tumor and surrounding healthy tissue in the preresection model. These internal reaction forces

are subsequently applied in the opposite direction to the post-resection model (without the tumor).

Since the applied loading is determined by gravity forces, the solver requires the intra-operative

gravity direction vector as input. In contrast to the original framework, where this vector was man-

ually specified by the surgeons, access to the surgical entry point direction was not available. Thus,

an automated procedure to estimate potential surgical entry points and derive the corresponding

gravity direction vectors was developed.

4.3.3 Surgical Entry Point Estimation

The gravity vector was estimated from the nearest surface point to the tumor center, under the

assumption that surgeons typically select the shortest path to the tumor, with the head positioned

such that gravity and the access path are aligned to minimize blood loss. The tumor center co-

ordinates are obtained from its segmentation, and the brain surface is extracted using a marching

cubes algorithm [311]. The Euclidean distance between each surface voxel and the tumor center is

computed, and the closest voxel is designated as the primary entry point (Figure 4.6). Constraints

are applied to exclude voxels located under the brain or at angles not physically allowed during

surgery.

Recognizing that an entry point at the closest surface point to the tumor may not coincide with

the actual surgical entry point, for instance, when alternative trajectories are required to preserve

eloquent brain regions, variability was introduced to model differences in patient positioning and

Algorithm 1: Gravity vectors generation procedure.
Input: Binary brain mask B, binary tumor mask T , angle range ∆, number of vectors K
Output: Gravity vectors {g1, . . . , gK}
tumor center ← mean(coordinates where T > 0) ;
surface← marching cubes(B) ;
entry ← p ∈ surface with minimum ∥p− tumor center∥, s.t. spatial constraints ;
main vector ← normalize vector(entry − tumor center) ;

vectors← {main vector} ;
(θ0, ϕ0)← get spherical angles(main vector) ;
while |vectors| < K do

(δθ, δϕ)← sample angle variation([−∆,+∆]) ;
(θ, ϕ)← (θ0 + δθ, ϕ0 + δϕ) ;
new vector ← get cartesian coordinates(θ, ϕ) ;
if new vector is valid then

add new vector to vectors ;

return vectors
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Figure 4.6: Estimation of the gravity vector direction based on tumor location and potential sur-
gical entry points. The tumor center is indicated in red, and the nearest point on the brain surface
is shown in blue. The primary gravity vector is computed as the inverted vector connecting the
tumor center to the nearest surface point. Random perturbations (green) of this primary vector are
generated to account for uncertainty in the actual surgical entry point and head orientation during
surgery.

surgical approach. For each case, K plausible gravity vectors are generated by perturbing the base

direction by up to±10◦ along each spatial axis, while maintaining compliance with the previously

defined constraints and guaranteeing an even spatial distribution of the resulting vectors. See

Algorithm 1 for a simplified overview of the algorithm procedure.

As the final step of the biomechanical simulations, the simulated nodal displacements were

interpolated into a dense displacement field using a multilevel cubic B-spline via the “Scattered

Transform” module [263] in 3D Slicer, producing the synthetic ground truth used for supervised

learning . This leads to a dataset Dtotal = {(I(n)
pre, ϕ

(k,n)
gt )Kk=1}Nn=1 containing K distinct displace-

ment fields for each of the N preMRI.

4.4 Synthetic Matched Keypoints Strategy

To simulate the intra-operative acquisition of sparse sets of M displacement vectors {di}Mi=1,

which in a real procedure would be obtained by comparing pre-operative and intra-operative

images, the following strategy was adopted: (1) keypoints from ceT1 preMRI, Ipre, were ex-

tracted using the widely used 3D SIFT-Rank algorithm [312], and (2) their associated displace-
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Figure 4.7: Example of the distribution of randomly sampled keypoints within the brain geometry.
The segmented tumor is highlighted in purple, and yellow markers indicate the keypoints auto-
matically detected using the 3D SIFT-Rank algorithm.

ment vectors were retrieved using the synthetic ground-truth displacement fields ϕgt. The 3D

Scale-Invariant Feature Transform (SIFT)-Rank algorithm employs a ranking strategy to automat-

ically select the most salient, distinctive, and stable landmarks, which are robust to variations in

intensity and structure. Since SIFT typically generates thousands of keypoints, M keypoints from

the detected set were randomly sampled (Figure 4.7).

4.5 Neuroimaging Dataset for Physics-Informed Learning

A custom neuroimaging dataset [313] was constructed by combining cases from ReMIND and

UPenn-GBM cohorts, augmented with synthetic ground-truth displacement fields generated via

patient-specific biomechanical modeling and extracted keypoints via 3D SIFT-Rank (Table 4.2 and

Figure 4.8). In total, 394 displacement fields for 207 unique patients were successfully generated:

190 simulations from 45 ReMIND cases (K = 3–5 simulations per case) and 204 simulations

from 162 UPenn-GBM cases (K = 1–3 simulations per case). Each entry in the dataset includes

the synthetic displacement fields, unstripped pre-operative ceT1 and T2 images, manually refined

anatomical segmentations, and extracted keypoints. This structured resource was used in this work

and is tailored for the development and evaluation of learning-based registration methods that aim

to integrate biomechanical priors or to generalize under sparse supervision.

The dataset served distinct purposes in the evaluation of the framework. The ReMIND cases

were exclusively used to assess the accuracy and plausibility of the biomechanical simulations by

comparing pre-operative images warped with the synthetic ground-truth displacement fields with

the corresponding intra-operative MRI scans. The ReMIND data was not used for training the deep

learning (DL) model because its cases include heterogeneous or missing MRI modalities (i.e., not

all subjects have both ceT1 and T2 sequences), which would have required the network to have

additional mechanisms to handle this. In contrast, the UPenn-GBM dataset was used for training

and evaluating the deep interpolator, as well as for all ablation studies. Although UPenn-GBM
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Table 4.2: Descriptive information of the data subsets as they were used in the creation of the
custom neuroimaging database employed for evaluation of both the biomechanical simulations
and network performance.

UPenn-GBM [305] (subset) ReMIND [285] (subset)

Original Source University of Pennsylvania Health System Brigham and Women’s Hospital

No. of Patients (M:F) 162 (74:88) 45 (24:21)

Age (years) 63.1± 11.7 (Range: 23–88) 45.9± 13.5 (Range: 20–73)

Pathology HGG (162) HGG (13), LGG (25), MET (3), NA (4)
Previous craniotomy (18)

Tumor volume (cm3) 18.9 (IQR: 7.8–32.6)
(Range: 0.2–129.2)

13.3 (IQR: 6.0–31.5)
(Range: 0.1–80.6)

Imaging Modalities ceT1 ceT1, T2

No. of Biomechanical
Simulations

204 (1–3 per patient) 190 (3–5 per patient)

Roles Primary dataset for supervised learning;
Training, validation, and testing of the
deep interpolator;
Not used for evaluation of biomechanical
simulations due to missing iMRI

Evaluation of biomechanical simulations
versus real iMRI;
Not used for network training due to miss-
ing modalities

HGG - High-grade glioma; LGG - Low-grade glioma; MET - Metastasis; NA - Not available; IQR - Interquartile range;
ceT1 - Contrast-enhancing T1-weighted; T2 - T2-weighted; iMRI - Intraoperative magnetic resonance imaging

lacks intra-operative scans and therefore cannot be used to validate the biomechanical simulations

in the same manner as ReMIND, it provides a sufficiently large and uniform set of pre-operative

images and tumor masks suitable for supervised learning. To maintain a consistent and streamlined

pipeline, the network was trained solely on ceT1 images, which are routinely available in brain

tumor imaging. The full experimental details are presented in Section 5.1 and Section 5.2.

4.6 Deep Biomechanically-guided Interpolator

To design the deep physically-guided interpolator, a denoising approach was taken. Given a sparse

set of displacement vectors {di}Mi=1, an initial dense displacement field ϕinit ∈ R3×D×W×H was

computed using a standard interpolation technique such as linear or thin-plate spline (TPS) inter-

polation. This initial estimate ϕinit is then refined by the model fθ conditioned on the pre-operative

image Ipre to approximate the ground-truth displacement field ϕgt, i.e., fθ(Ipre, ϕinit) ≈ ϕgt, ac-

cording to the mapping fθ :
(
RD×W×H ,R3×D×W×H

)
7→ R3×D×W×H .

4.6.1 Residual Network Architecture

Motivated by denoising diffusion models [314], which have shown that learning to predict the

noise in a noisy signal leads to better performance than predicting the clean signal directly, the

network predicts a residual displacement ϵθ, such that fθ(Ipre, ϕinit) = ϕinit + ϵθ(Ipre, ϕinit).

The residual network ϵθ is a 3D U-Net architecture variant of [315]. After ablation studies
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Figure 4.8: Schematic overview of the directory structure of the custom neuroimaging dataset
for physics-informed learning. Each patient case contains pre-operative MRI, extracted 3D SIFT
keypoints, manually refined anatomical segmentations, and multiple biomechanical simulations
providing initial and displaced nodal coordinates and the corresponding displacement fields.

on several network components (see Section 5.2.1), the final architecture is described next. At

each resolution level, ResNet blocks [316] are employed with additional spatial- and channel-

wise squeeze-and-excitation (SE) [317] modules that encourage feature and spatial recalibration.

Spatial SE performs a global pooling step across each channel’s spatial dimensions, which results

in a vector descriptor with a single scalar per channel. This vector is then passed through fully-

connected (FC) layers to generate a set of channel-wise weights used to recalibrate the importance

of feature channels. Similarly, a channel-wise SE performs squeezing across each spatial location

such that at each location a linear combination of all channels is computed. This projection is

then used to recalibrate the importance of each spatial location (Figure 4.9). Downsampling in the

encoder path is performed using max-pooling, while upsampling in the decoder path is achieved

via transposed convolutions. Same-size feature maps from the encoder are merged with decoder
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Figure 4.9: Architecture of the proposed deep biomechanically-guided interpolator. The network
is a residual 3D U-Net that takes as input the pre-operative MRI and an initial dense displace-
ment field obtained from sparse keypoint interpolation, and outputs a residual displacement field
that is added to the input to correct it. The network comprises four resolution levels with 3D
convolutional ResNet blocks, instance normalization, and LeakyReLU activation functions, using
max-pooling for downsampling and transposed convolutions for upsampling. Skip connections are
implemented via element-wise summation, and spatial and channel-wise squeeze-and-excitation
modules are incorporated within each residual block. The network predicts a residual displace-
ment field that is added to the initial interpolation, correcting it into biomechanically plausible
deformations.

features through element-wise summation rather than concatenation. The network comprises 4

resolution levels, starting with 32 feature channels and doubling at each downsampling stage up

to a maximum of 256 channels, while the spatial resolution is halved. Each convolution within the

ResNet blocks is followed by instance normalization and a leaky rectified linear unit (LeakyReLU)

activation function with a negative slope of 10−2, except for the final convolution in each block,

where activation is applied after the residual summation. The SE modules are then applied at the

end of each block, resulting in a network with 7.3M parameters.
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4.6.2 Training Procedure

The UPenn-GBM portion of the custom dataset was split into 121 training, 16 validation, and

25 test cases, following a 75:10:15 ratio. The deep interpolator fθ is trained under full super-

vision using the synthetic ground-truth displacement fields. All inputs were cropped to a fixed

size of 160 × 192 × 144, which calls for 2.64 TFLOPs per forward pass at these tensor sizes.

Pre-operative ceT1 images were normalized by subtracting the mean and dividing by the standard

deviation. Data augmentation was applied only to images during training and included Gaussian

noise and blur, intensity adjustments (brightness, contrast, gamma), and simulated low resolution.

These augmentations followed the strategies used in nnU-Net [172] to improve generalization ca-

pabilities (see Annex A). The network was trained using the Adam optimizer with a fixed learning

rate of 1 × 10−4, a batch size of 1, and for 100 epochs. To ensure anatomical relevance for all

methods, interpolated displacements in the background or skull are set to zero.

At each training iteration, a training pre-operative image Ipre with its SIFT keypoints and a

precomputed ground-truth displacement field ϕgt from the set of simulations with different gravity-

induced brain shifts were sampled. Then, a random set of M sparse displacements {di}Mi=1 were

sampled and an initial dense displacement field ϕinit was computed on-the-fly using a standard

interpolation technique (linear or TPS). The network fθ is trained to minimize the mean squared

error (MSE) between the predicted ϕpred = fθ(Ipre, ϕinit) and true displacement fields ϕgt over the

image domain. To encourage smooth displacements in non-resected brain regions, an additional

Jacobian determinant regularization was introduced to encourage a local orientation consistency

constraint on the estimated displacement field. The total loss function L then becomes:

L ≜
1

|Ωh|

∑
x∈Ωh

(
ϕpred(x)− ϕgt(x)

)2
+ λreg

∑
x∈Ωh

ReLU
(
− |JI+ϕpred |(x)

) , (4.2)

where λreg weights the regularization term, Ωh denotes the non-tumorous brain area, and JI+ϕpred

is the Jacobian matrix of the deformation field. The rectified linear unit (ReLU) operation ensures

that only negative Jacobian determinants are penalized. Since the biomechanical model computes

the displacements accounting for the absence of the tumor (i.e., there are no valid displacements

inside the tumor cavity), this region was masked from the loss computation during optimization.
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Chapter 5

Experiments and Results

For all experiments, statistically significant (*) or non-significant (ns) results are reported in each

graph using either paired t-tests (validation set) or Bonferroni-corrected paired Wilcoxon signed-

rank tests (test set) with a significance threshold of α = 0.01.

Training and evaluation of the proposed framework were conducted using the University of

Pennsylvania Glioblastoma (UPenn-GBM) data, which aggregates standardized imaging data from

multiple institutions. Tumor volumes in this subset ranged from 0.2 mL to 129.2 mL, with a me-

dian of 18.9 mL (interquartile range (IQR): 7.8–32.6). The Brain Resection Multimodal Imaging

Database (ReMIND) data, used exclusively for evaluating the biomechanical simulations, com-

prises single-institution data with tumor volumes spanning 0.1 mL to 80.6 mL and a median of

13.3 mL (IQR: 6.0–31.5). Overall, ReMIND cases tended to present smaller tumors, whereas

UPenn-GBM exhibited a broader distribution with larger volumes (Table 5.1). This is consistent

with the metadata, as ReMIND comprises low-grade gliomas, high-grade gliomas, and metastases

(which are usually smaller) whereas UPenn-GBM only comprises high-grade gliomas (which are

typically larger) [318].

5.1 Intra-operative Brain Shift Simulations

The accuracy of the biomechanical simulations of intra-operative brain deformation was evaluated

on ReMIND using both quantitative and qualitative analyses. Quantitative evaluation focused on

standard overlap and surface-based metrics that capture the accuracy of boundary alignment, com-

puted for the brain parenchyma and ventricles, including the Dice score, average surface distance

(ASD), and the 95th-percentile Hausdorff distance (HD) (Figure 5.1).

Table 5.1: Summary statistics of tumor volumes (in mL) for the datasets used in this study. The
mean, standard deviation (Std), minimum (Min), and maximum (Max) values, as well as the first
(Q1), second (Median), and third (Q3) quartiles of the tumor volume distributions are reported.

Dataset Mean Std Min Q1 (25%) Median (50%) Q3 (75%) Max

UPenn-GBM 24.1 21.7 0.2 7.8 18.9 32.6 129.2
ReMIND 13.3 20.3 0.1 6.0 13.3 31.5 80.6

57
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Figure 5.1: Quantitative evaluation of biomechanical brain shift simulations on ReMIND. Dice
score (A), average surface distance (B), and 95th-percentile Hausdorff distance (C) are reported
for the brain parenchyma (blue) and ventricles (orange). Statistical significance was determined
using pair-wise t-tests, with all cases being significant (p < 0.01).

To further assess boundary alignment, percentile-based Hausdorff distance curves were com-

puted across all cases. For a given percentile P , the corresponding distance D indicates that P% of

surface voxel pairs have an HD below D [196, 220]. This allows the estimation of the percentage

of boundary voxels whose displacements have been computed with clinically acceptable tolerance

(Figure 5.2). Given that manual neurosurgery is limited by the image resolution and generally has

an accuracy of at best 1.00 mm [319–322], an alignment error smaller than two times the original

in-plane resolution of the intra-operative image is difficult to avoid. Thus, for the cases analyzed

here, any voxel pairs with an HD value less than 2.00 mm are considered successfully registered.

Across the cases in the evaluation data, simulated deformations demonstrated strong agree-

ment with intra-operative anatomy. For the parenchyma, Dice scores were consistently high (mean

0.92 ± 0.02, IQR: 0.91–0.94), indicating that the simulated post-resection configuration closely

matched the observed intra-operative state. In contrast, ventricular alignment was more variable,

with a mean Dice of 0.69 ± 0.13 (IQR: 0.60–0.79), consistent with the smaller size and higher

sensitivity of ventricular structures to boundary misalignment.

Distance-based metrics revealed similar complementary results. The parenchyma exhibited

a mean HD95 of 5.23 ± 2.34 mm, whereas ventricles achieved a slightly lower mean HD95 of

4.70 ± 3.38 mm. This indicates that, despite lower volumetric overlap for the ventricles, the

largest surface deviations were not systematically worse than those observed for the parenchyma.

Similar patterns were observed for ASD, with mean values of 1.41 ± 0.40 mm for parenchyma

and 1.32± 0.77 mm for ventricles.

Percentile HD analysis shows a slow increase in the percentage of surface points with an

HD up to 2.00 mm, with fewer than 35% having an HD below 1.00 mm, in both parenchyma

and ventricles. At the 2.00 mm HD threshold for successful registration, approximately 77% of

parenchymal and 73% of ventricular surface points were aligned. Beyond the 90th percentile, a

sharp increase in HD shows that points above this area, and especially over the 95th percentile,



Chapter 5. Experiments and Results 59

0

1

2

3

4

5

6

7

8

9

10

0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100

H
a

u
s

d
o

rf
f 

D
is

ta
n

c
e

 (
m

m
)

Percentile (%)

Parenchyma

Ventricles

Figure 5.2: Hausdorff distance percentile analysis for biomechanical simulation accuracy. Mean
Hausdorff distance is plotted as a function of percentile for parenchyma (blue) and ventricle (or-
ange) surfaces. A threshold line for clinically acceptable alignment is drawn at 2.00 mm.

may correspond to regions with weak or absent anatomical correspondence (e.g., near resection

boundaries). Although the parenchyma is more aligned than the ventricles throughout the graph,

the most misaligned points (over the 90th percentile) correspond to points in the parenchyma over

points in the ventricles, which verifies the results previously found.

Qualitatively, the accuracy of the biomechanical framework was assessed by visualizing the

alignment between the simulated and actual intra-operative states (Figure 5.3). The pre-operative

brain was warped with the simulated displacement fields (contours in yellow) and overlaid on

intra-operative magnetic resonance imaging (iMRI) scans, allowing direct visual comparison be-

tween predicted and real intra-operative deformations. For reference, the original pre-operative

state (contours in red) was also overlaid to illustrate the extent of brain shift following resection.

Visualizations are shown in the axial, coronal, and sagittal planes (in this order) with a focus on

the resection cavity, where deformations are most pronounced. Only a small subset of randomly

selected cases was evaluated in this manner (Figure 5.3.I), as a detailed qualitative analysis of

hundreds of cases would be extremely time-consuming. Additionally, cases with the worst quan-

titative metrics were specifically selected for analysis (Figure 5.3.II).

Visual comparison of brain contours reveals several characteristic behaviors of the biomechan-

ical simulations. In case I-A, a clear sagging of the brain is observed in the approximate direction

of the simulated gravity vector (yellow arrow), as evidenced by the displacement between the

pre-operative contours (red) and the intra-operative image. The biomechanical model successfully

captures this trend, although a mild overshoot is apparent when comparing the simulated con-

tours (yellow) to the true intra-operative anatomy. Cases I-B and I-D represent the most accurate

predictions among the examples, with the simulated post-resection anatomy closely matching the

intra-operative state. In these cases, the model effectively reproduces the contraction of tissue
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(5.3.I) (5.3.II)

Figure 5.3: Qualitative evaluation of biomechanically simulated intra-operative brain deforma-
tions. Pre-operative brain contours (red) and simulated post-resection contours (yellow) are over-
laid on intra-operative MRI for axial, coronal, and sagittal views, respectively. Yellow arrows
show the gravity direction estimation given to the biomechanical model. (I) Randomly selected
cases illustrate typical deformation patterns and gravity-induced sagging near the resection cavity
with good predictions. (II) Worst-performing cases highlight limitations related to gravity direc-
tion estimation, minimal real brain shift, or recurrent surgeries with pre-existing cavities.

around the resection cavity induced by cranial opening and tumor removal, with only minor over-

estimation along the superior-inferior axis, as visible in the sagittal views. In contrast, case I-C

exhibits a dominant anterior-posterior sagging pattern, visible in the sagittal plane, despite the sur-

gical entry point being located laterally. This suggests that the patient was positioned supine with

the head facing upward during surgery, rather than oriented laterally as inferred by the estimated

gravity vector. As a result, the gravity direction provided to the biomechanical model does not

align with the true physical orientation, leading to the observed discrepancy. Case I-E illustrates a

more aggressive resection, with substantial resected tissue near the tumor cavity that is correctly

predicted by the model. However, slight errors in the estimated head orientation result in asym-

metric sagging, with underestimation on the right side and compensatory overshooting on the left

in the axial view, indicating a misaligned gravity component along this axis. Overall, these exam-

ples demonstrate that the biomechanical framework captures the dominant deformation patterns
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associated with tumor resection, particularly in the vicinity of the cavity, while most residual errors

can be attributed to uncertainty in gravity direction estimation due to the lack of intra-operative

positional information.

In most of the worst-performing cases, minimal brain shift is observed, as indicated by the

close overlap between pre-operative contours (red) and intra-operative anatomy, suggesting that

little to no gravity-induced deformation occurred. Two of these cases, II-A and II-B, correspond

to recurrent surgeries, in which pre-existing resection cavities are present. These anatomical alter-

ations are not explicitly modeled in the simulation pipeline and likely contribute to the unrealistic

and overly aggressive simulated deformations observed in these cases. In case II-C, the simulated

deformation is qualitatively more plausible but still substantially overestimates the true displace-

ment. Notably, despite the relatively large resection volume, the intra-operative anatomy exhibits

limited brain shift, likely due to patient positioning that restricts gravity-driven sagging. These

examples highlight scenarios in which the current biomechanical assumptions break down, partic-

ularly when true deformations are minimal or when prior surgical alterations are present.

5.2 Deep Interpolator Ablation Studies

Ablation studies were performed to evaluate the impact of key components of the proposed method:

(1) network architecture, (2) regularization term, (3) interpolator for displacement field initializa-

tion, and (4) number of matched keypoints sampled for displacement field initialization.

To assess the performance of the deep interpolator, the predicted displacement fields were

evaluated using several complementary metrics. The mean squared error (MSE) in mm2 was com-

puted between the predicted and ground-truth displacement fields, both within the whole brain

and specifically within the edematous tumor region, to quantify the overall accuracy and the accu-

racy near the resected area, respectively. The maximum Euclidean error (Max Error) in mm was

additionally reported, capturing the worst-case deviation in the predicted displacements, which is

critical for identifying potentially clinically unsafe local misalignments. To assess the geometric

alignment of brain structures, the 95th percentile HD between the brain segmentations warped

by the predicted and ground-truth displacement fields was computed. To evaluate the anatomical

plausibility of the deformations, the percentage of voxels with non-positive Jacobian determinant

values (%|Jϕ| < 0) was computed. Finally, the inference time to evaluate the computational effi-

ciency of the proposed method in comparison to the baselines was reported, employing graphics

processing unit (GPU) acceleration whenever possible.

All experiments, except when explicitly stated, used a fixed set of 20 keypoints per case for

the interpolated displacement field initialization. Each configuration was trained for 100 epochs

without regularization, using either thin-plate spline (TPS) or linear interpolation to initialize the

displacement field, in order to evaluate performance across the two interpolation strategies most

commonly used in sparse keypoint-based registration. Ablation studies for the network design

(Section 5.2.1 and Section 5.2.2) were evaluated using the validation set, whereas direct compar-

isons with baseline interpolators (Section 5.2.3) were evaluated using the test set.
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5.2.1 Network Design

Preliminary Architecture Search

As a starting point in the choice of a network architecture, a U-Net-like architecture with ResNet

blocks (Res-UNet), four resolution levels, {16, 32, 64, 128} features, and employing residual learn-

ing was adopted. Various experiments evaluating the impact of architectural design choices, in-

cluding the type of squeeze-and-excitation (SE) blocks, network depth, and the number of feature

channels per convolutional level were performed. Table 5.2 summarizes the results obtained.

Across both linear and thin-plate spline (TPS) initializations, architectures employing com-

bined spatial and channel-wise SE blocks consistently achieved the best performance overall.

Specifically, these models yielded lower whole-brain and edema-region MSE, as well as com-

petitive or lower Max Errors compared to architectures using only spatial SE or only channel-wise

SE. With respect to network depth, a four-level architecture outperformed a five-level counterpart

across all evaluated metrics in both interpolation strategies. Increasing the depth to five levels

resulted in higher errors, indicating an excessive loss of spatial detail due to the additional down-

sampling steps. Additionally, the number of feature channels used at each convolutional level

was revealed to be a balance between global and local accuracy. Increasing the number of fea-

tures to {64, 128, 256, 512} led to statistically significant improvements in whole-brain MSE for

both interpolator initializations (p < 0.01). However, this configuration did not improve perfor-

mance within the edematous tumor regions and produced comparable or slightly worse Max Errors

Table 5.2: Architectural search results for various network configurations. Whole-brain and
edema-region mean squared error (MSE) and maximum Euclidean error (Max Error) are reported
for variations in squeeze-and-excitation (SE) block type, network depth, and number of feature
channels per convolutional level. Results are shown for both linear and thin-plate spline (TPS)
initializations. The mean and standard deviation are reported. Results in bold show the best-
performing architecture in each metric per section. Statistical significance was determined using
pair-wise t-tests, with * indicating significantly better results (p < 0.01) when compared to the
chosen architecture (highlighted in green).

Linear TPS
MSE (mm2)↓ Max Error↓ MSE (mm2)↓ Max Error↓Architecture

Brain Edema (mm) Brain Edema (mm)

SE Blocks
scSE-4lvl-16 5.74 (0.14) 16.77 (0.49) 58.72(0.39) 10.78 (0.33) 17.27 (1.09) 67.11 (0.96)

sSE-4lvl-16 5.69 (0.11) 16.17 (0.65) 59.67 (0.26) 13.79 (0.39) 17.27 (1.13) 72.87 (0.67)

cSE-4lvl-16 6.04 (0.17) 17.54 (0.55) 61.55 (0.34) 11.73 (0.34) 16.06 (0.54) 65.42 (1.27)

Depth
scSE-4lvl-16 5.74 (0.14) 16.77 (0.49) 58.72 (0.39) 10.78 (0.33) 17.27 (1.09) 67.11 (0.96)

scSE-5lvl-16 6.59 (0.09) 17.60 (0.72) 60.00 (0.30) 14.80 (0.34) 19.02 (0.76) 70.58 (0.73)

# Features
scSE-4lvl-16 5.74 (0.14) 16.77 (0.49) 58.72(0.39) 10.78 (0.33) 17.27 (1.09) 67.11 (0.96)

scSE-4lvl-32 5.30 (0.07) 15.33 (0.94) 58.83 (0.73) 9.18 (0.35) 15.33 (0.70) 62.72 (1.37)

scSE-4lvl-64 5.05*(0.10) 16.86 (0.82) 59.15(1.04) 8.19*(0.20) 16.16 (0.69) 61.01*(0.85)

SE - squeeze-and-excitation; scSE - spatial and channel-wise SE; sSE - spatial SE; cSE - chanel-wise SE
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relative to the {32, 64, 128, 256} feature configuration. The latter achieved a much lower edema-

region MSE, which are very important localized regions of interest. Finally, the doubling of the

number of feature channels also increases the number of parameters and the amount of memory

allocated by the model, which turns it very computationally expensive. Thus, for subsequent ex-

periments, a balance between global accuracy, local detail, and model complexity was achieved

by selecting a spatial and channel-wise SE model with four levels and a feature progression of

{32, 64, 128, 256}.

Ablation Studies on Main Network Components

To ensure controlled comparisons, all models evaluated in the following ablation studies were

configured with the same architectural backbone selected in the last section, comprising four depth

levels, feature dimensions of {32, 64, 128, 256}, instance normalization, and leaky rectified linear

unit (LeakyReLU) activation functions. The ablations presented here focus on assessing the impact

of three key design choices: (i) replacing standard convolutional blocks with ResNet blocks at

each level (UNet vs. Res-UNet); (ii) incorporating SE blocks for adaptive spatial and channel-

wise feature weighting (SE vs. non-SE); and (iii) employing residual learning (w/ R vs. w/o R),

where the network predicts a correction to the initial interpolated displacement field rather than

directly regressing the full ground-truth field. Relevant metric profiles are visualized throughout

training using line plots complemented by box-and-whisker plots summarizing mean performance

over the validation test in the final 20 epochs, during which the loss often converged (Figures 5.4

and 5.5).

Across all ablation experiments, configurations that did not employ residual learning consis-

tently resulted in inferior initialization, slower optimization, and substantially worse final perfor-

mance across all evaluated metrics, with differences remaining statistically significant at conver-

gence (p < 0.01). Specifically, the standard U-Net architecture struggled to learn meaningful

refinements of the displacement field, so it was omitted from the box-and-whisker plots for clarity.

When using TPS for displacement initialization, the Res-UNet-SE architecture (combining

ResNet blocks and SE modules) achieved the lowest whole-brain MSE (p < 0.001), with a mean

value of 10.78 ± 0.33 mm2 (Figure 5.4-A and Figure 5.4-B). In contrast, performance within the

edematous tumor region was comparable across all models employing residual learning, with no

statistically significant differences observed (p > 0.01) and mean values around 17.15 ± 0.88

mm2 (Figure 5.4-C). With respect to the Max Error, both Res-UNet variants outperformed other

configurations, with Res-UNet achieving just slightly but significantly (p < 0.01) better results

than Res-UNet-SE, attaining a mean of 59.50± 0.32 mm (Figure 5.4-D).

Similar trends were observed for linear interpolation initialization. Res-UNet-SE again yielded

the best whole-brain MSE (p < 0.001), with a mean of 5.74±0.14 mm2 (Figures 5.5-A and 5.5-B).

As with the TPS initialization, all architectures employing residual learning demonstrated com-

parable accuracy within the edema region (p > 0.01), with mean MSE values of approximately

17.02 ± 0.59 mm2 (Figure 5.5-C). The Max Error further showed no statistically significant dif-
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Figure 5.4: Ablation study of network architectures using thin-plate spline initialization. Per-
formance trends are shown for (A,B) whole-brain mean squared error, (C) edema-region mean
squared error, and (D) maximum Euclidean error. Statistical significance was determined using
pair-wise t-tests, with * indicating significant results (p < 0.01) and ns indicating non-significant
results (p > 0.01). Any unmarked comparisons are assumed to be significant or were not consid-
ered relevant.

ferences between Res-UNet and Res-UNet-SE (p > 0.01), both achieving mean values around

58.77± 0.47 mm (Figure 5.5-D).

Overall, Res-UNet architectures incorporating residual learning consistently delivered the strongest

performance across all experimental settings. The final architectural choice therefore reduced to

Res-UNet variants with or without SE blocks. Considering the better performance in whole-brain

MSE achieved by Res-UNet-SE, and the comparable results for other metrics, this architecture

was chosen for further studies.

5.2.2 Regularization

The weight coefficient λreg in Equation 2.1 controls the trade-off between data fidelity and defor-

mation plausibility enforced through the regularization term. To determine an optimal balance, a
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Figure 5.5: Ablation study of the main network architectures using linear interpolation initializa-
tion. Performance trends are shown for (A,B) whole-brain mean squared error, (C) edema-region
mean squared error, and (D) maximum Euclidean error. Statistical significance was determined
using pair-wise t-tests, with * indicating significant results (p < 0.01) and ns indicating non-
significant results (p > 0.01). Any unmarked comparisons are assumed to be significant or were
not considered relevant.

grid search across λreg ∈ [0, 75] was performed.

The results show that λreg = 50 provides the most favorable trade-off between accuracy and

regularization. This setting achieved the lowest mean and median MSE among all tested values

(p < 0.01), with a mean of 5.04±0.12 mm2 (Figure 5.6-A). At the same time, it maintained a Max

Error comparable to other high regularization weights (60.04± 0.35; p > 0.01), while exhibiting

reduced variance, mm(Figure 5.6-B).

Increasing λreg led to a sharp reduction in the proportion of folded voxels up to λreg ≈ 30,

beyond which improvements began to become small, indicating diminishing returns for stronger

regularization (Figure 5.7). Although the reduction in folding between λreg = 50 and λreg =
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Figure 5.6: Effect of Jacobian regularization strength on interpolation accuracy and stability. (A)
Mean squared error and (B) maximum Euclidean error are shown for different values of the reg-
ularization weight λreg. Statistical significance was determined using pair-wise t-tests, with *
indicating significant results (p < 0.01) and ns indicating non-significant results (p > 0.01). Any
unmarked comparisons are assumed to be significant or were not considered relevant.

75 remained statistically significant (p < 0.01), the marginal gains came at the cost of slightly

reduced accuracy in terms of whole-brain MSE. Based on this analysis, λreg = 50 was selected

for all subsequent experiments, as it achieves a strong compromise between registration accuracy

and anatomically plausible, stable deformation fields.

5.2.3 Baseline Comparisons

Two widely-used interpolation methods were used in these experiments for comparison and ini-

tialization: (1) linear interpolation via a 3D Delaunay triangulation approach using a publicly

available differentiable implementation [76] and (2) a TPS approach using a public implemen-

tation [38]. The linear method implementation produces a smooth, piecewise-linear vector field

by interpolating values within tetrahedral simplices, while TPS yields a globally smooth field by

minimizing the bending energy1. Both interpolation methods serve as non-learning-based base-

lines and rely solely on the spatial distribution and displacement of the sparse keypoints. They

do not incorporate anatomical context or physical priors, providing a meaningful comparison to

the learning-based framework’s refined displacement fields. For clarity during comparisons, the

proposed method is referenced as DBGI in all subsequent experiments.

The proposed method consistently outperformed baseline interpolators (Table 5.3), reducing

whole-brain MSE between the ground truth and the interpolated displacement field significantly by

up to 48% (−3.1 mm2) with TPS and 65% (−7.0 mm2) with linear interpolation. Improvements in

1A regularization weight λtps of 0.1 was used in the TPS implementation, which achieved the best empirical results
on the validation set.
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Figure 5.7: Evolution of the percentage of voxels with non-positive Jacobian determinant values
across training epochs for different Jacobian regularization weights.

the edema were more modest but with reduced variance, suggesting a more stable approach. The

residual architecture enabled the model to learn finer corrections and improved accuracy across the

board, especially in the edema regions. Notably, omitting residual learning with TPS initializations

led to increased voxel folding (+0.88 pp), which can be attributed to TPS’s lack of flexibility to

adapt to fine-grained deformations, leading the network to overcompensate. Adding a Jacobian

Table 5.3: Quantitative evaluation of different approaches using linear and thin-plate splines in-
terpolation. R denotes the residual architecture and J the Jacobian regularization term. Mean
and standard deviation are reported. Statistical significance was determined using a Bonferroni-
corrected paired Wilcoxon signed-rank test, with * indicating statistically significant improve-
ments (p < 0.01) for DBGI. Reproduced from [40].

Method MSE (mm2)↓ Max Error↓ HD95↓ %|Jϕ|< 0↓ Time↓
Brain Edema (mm) (mm) (%) (s)

L (baseline) 10.7*(5.4) 7.6 (5.6) 28.3 (8.0) 3.7*(1.1) 0.74*(0.11) 1.81 (0.02)

DBGI (L)w/o R+J 4.2 (2.2) 10.9*(6.6) 27.8 (8.5) 2.8 (0.7) 0.97*(0.20) –
DBGI (L)w/o J 3.7 (1.7) 9.4 (7.1) 27.3 (8.4) 2.8 (0.5) 1.16*(0.25) –

DBGI (L) 3.7 (1.6) 6.4 (3.0) 26.2 (8.2) 2.7 (0.6) 0.64 (0.21) 1.81 (0.02)

TPS (baseline) 6.5*(2.6) 6.4 (5.5) 25.4*(6.9) 2.8 (0.7) 0.64*(0.21) 0.58 (0.01)

DBGI (TPS)w/o R+J 4.6*(2.1) 10.6*(7.5) 26.4 (8.7) 2.9 (1.0) 1.47*(0.36) –
DBGI (TPS)w/o J 3.5 (1.6) 7.2 (5.2) 23.4 (5.2) 3.3 (0.7) 0.99*(0.14) –

DBGI (TPS) 3.4 (1.6) 5.9 (3.3) 22.7 (4.9) 3.1 (0.5) 0.59 (0.22) 0.59 (0.01)
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Figure 5.8: Qualitative comparison of displacement field interpolations and corresponding warped
brain anatomies. Initial displacement fields obtained via linear and thin-plate spline interpolation
are compared with the refined predictions of the proposed deep interpolator and the biomechanical
ground truth. Displacement fields are colored by the vector magnitudes in the axial plane, and
green squares highlight corresponding regions with the most noticeable improvements over the
baselines. Adapted from [40].

regularizer (J) improved deformation smoothness, reducing noninvertible mappings by 40 to 45%

(−0.40 pp to −0.52 pp), without compromising accuracy. Inference time increased negligibly

compared to baseline methods (+10 ms).

Qualitative comparison examples are shown in Figure 5.8 using both linear and TPS initial in-

terpolations. Baseline interpolators produce overly smooth displacements, as seen in the displace-

ment field vector magnitudes: TPS is globally smooth, and linear interpolation uses a piece-wise

formulation resulting in piece-wise smooth regions. In contrast, the deep interpolator approaches

the biomechanical realism of the biomechanical simulations, predicting, in all cases, finer local

deformations that result in better alignment of the brain, notably in the sulci and the longitudi-

nal fissure that separates the brain’s hemispheres, and reducing folding artifacts by correcting the

initial interpolations.

Impact of Number of Keypoints

Finally, the impact of the number of input keypoints M , varying it from 5 to 50 (Table 5.4),

was analyzed. As expected, increasing the number of keypoints led to lower MSE, as the inter-

polation benefits from more accurate and localized displacement observations. At low keypoint
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Table 5.4: Impact of the number of M matched keypoints in terms of mean squared error (mm2)
for linear interpolation (L) and thin-plate splines (TPS). Statistical significance was determined
using a Bonferroni-corrected paired Wilcoxon signed-rank test, with all cases being significant
(p < 0.01) for DBGI. Adapted from [40].

Method M = 5 M = 10 M = 15 M = 20 M = 50

L (baseline) 17.2 (9.1) 13.3 (6.5) 11.4 (5.9) 10.7 (5.4) 6.4 (3.1)
DBGI (L) 7.8 (4.3) 4.8 (2.5) 4.7 (2.7) 3.7 (1.6) 2.3 (1.1)

TPS (baseline) 18.0 (12.4) 10.2 (4.8) 7.2 (2.9) 6.5 (2.6) 3.8 (1.6)
DBGI (TPS) 11.0 (8.4) 5.7 (3.3) 4.4 (2.5) 3.4 (1.6) 2.1 (1.1)

counts (e.g., 5 keypoints), TPS interpolation performed poorly, likely due to instability with lim-

ited control points. In contrast, linear interpolation demonstrated greater robustness in such set-

tings. However, with a higher number of keypoints (e.g., 50), TPS produced smoother and more

accurate results, outperforming linear interpolation. This illustrates a trade-off between robustness

and smoothness that depends on the spatial density of keypoints. Notably, in all cases, the deep

interpolator significantly improved upon the initial interpolation, reducing error regardless of the

number of points M and the interpolation method.
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Chapter 6

Discussion

The goal of this work was to develop a deep biomechanically-guided interpolator that refines

sparse keypoint-derived displacement fields into anatomically and biomechanically plausible de-

formations for brain shift compensation. The proposed framework does not perform registration

directly; rather, it acts as a correction module that can be seamlessly inserted into any keypoint-

based pipeline that relies on geometric interpolation. This distinction is critical when situat-

ing the contribution relative to related work: while previous methods focus on keypoint detec-

tion/matching or on full intensity-based registration, none, to our knowledge, have addressed

the weaknesses of the interpolation stage itself, nor have they used biomechanical simulations

to supervise a deep refinement model. The results presented in this work directly address this

and support the objectives and hypotheses outlined in Section 1.2 of this thesis. (1) The con-

struction of a large-scale dataset of synthetic, biomechanically realistic brain deformations was

successfully achieved through patient-specific biomechanical simulation with meshless total La-

grangian explicit dynamics (MTLED), enabling the generation of synthetic ground-truth displace-

ment fields that can rarely be obtained in real surgical scenarios. (2) The strategy for deriving

matched keypoints from synthetic deformations proved effective, allowing the model to operate

under the sparse-data constraints. (3) The proposed deep biomechanically-guided interpolator

fulfilled its intended role as an advanced correction mechanism for classic geometric interpola-

tion. Across all experiments, the deep interpolator reduced whole-brain displacement error by

48%–65% relative to the baseline interpolators across the validation and test sets. The model does

not simply memorize simulation-specific patterns but learns how to refine the initial displacements

of geometric interpolators in a generalized manner, which is evidenced by the fact that the model

improves both thin-plate spline (TPS) and linear initializations even at low keypoint densities

(e.g., 5–10 keypoints). The addition of the pre-operative magnetic resonance imaging (preMRI)

as an input to the model drives the network to learn a mapping that is conditioned on structural

magnetic resonance imaging (MRI) features rather than relying solely on displacement patterns.

This real anatomical context is important for the model’s ability to correct local errors from ge-

ometric interpolators, particularly in regions with complex geometry. It corrects unrealistic local

gradients and better aligns finer structures (e.g., near deep sulci or the longitudinal fissure), as

illustrated in the qualitative results shown in Figure 5.8. Finally, (4) the model is computationally

71
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efficient at inference, adding negligible overhead to standard interpolators. This meets the real-

time requirements of surgical procedures and allows its integration into existing keypoint-based

workflows.

The superiority of the method over both TPS and linear interpolation highlights different lim-

itations of these classic approaches: linear interpolation produces piecewise-linear artifacts that

cannot capture smooth biomechanical displacement fields, and TPS interpolation produces over-

smoothed displacement fields that fail to represent local variations in deformations. Notably, these

findings validate the hypothesis that deep learning (DL) can function as a physics-guided inter-

polator to denoise and biomechanically constrain the field produced from sparse intra-operative

information. They also show that the method effectively bridges data-driven learning with biome-

chanical priors, two components that have long been viewed as somewhat exclusive approaches

until the advent of DL and their integration as synergistic tools.

6.1 Biomechanical Simulations

This work relied on synthetic displacement fields generated through a biomechanical simulation

pipeline based on the MTLED framework [235, 242]. This simulator models the brain as a non-

linear, nearly incompressible soft tissue and accounts for gravity-induced sagging as well as tissue

relaxation after tumor resection. The biomechanically simulated deformations provide a strong

supervisory signal for the deep interpolator by encoding anatomically plausible deformation pat-

terns governed by continuum mechanics and patient-specific anatomy. This physics-based super-

vision allows the network to learn refinement behaviors from realistic deformations with known

correspondences, implicitly capturing essential biomechanical properties, such as how deforma-

tions depend on tumor location and the local topology of the brain, the differing characteristics

of healthy untouched tissue versus tumorous tissue, or the collapse patterns that occur around the

resection cavity.

Despite this, biomechanical simulations of the brain under tumor resection rely on assumptions

about tissue properties, boundary conditions (BCs), and direction and magnitude of gravitational

forces that may not be correct, greatly limiting the realism of each simulation. While this problem

was tackled by exploring multiple angles of incision via added variability to the angle of each

base gravity vector, the simulation may still not fully represent the diversity of patient-specific

intra-operative conditions. The head of the patient was assumed to be positioned perpendicular

to each entry point/gravity vector; however, variations in craniotomy size, head fixation angle,

surgical approach, cerebrospinal fluid (CSF) drainage rate, and other complex resection dynamics

limit this approach. Additionally, the biomechanical model assumes idealized material properties

derived from the literature [226, 229], which may not reflect pathological or inter-patient vari-

ability, as tumor consistency can vary substantially depending on necrosis, edema content, and

vascularization [207–209]. As a result, these synthetic deformations, while robust, may not gen-

eralize perfectly to all real cases and introduce subtle biases into the learned model. This is the

main explanation for most of the deviations of the biomechanical model when compared to the
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real intra-operative cases seen in the Brain Resection Multimodal Imaging Database (ReMIND).

Furthermore, harsher errors, such as the ones shown in the worst-performing cases in Figure 5.3,

can be attributed to any (or all) of these limitations, although several unexplainable convergence

errors were also encountered for many cases of both ReMIND and the University of Pennsylvania

Glioblastoma (UPenn-GBM) dataset during the generation of the simulated displacement fields

with MTLED for the custom dataset (recall Section 4.5). Due to this, only 45 simulated unique

cases from ReMIND (out of 114; 39.5%) and 162 from UPenn-GBM (out of 630; 25.7%) were

successful. Five displacement fields for each case were expected to be simulated, but only 3–5

simulations per case were successful for ReMIND, and 1–3 simulations per case were success-

ful for UPenn-GBM. Several approaches were tested to find the culprit, such as replacing tumor

segmentations from unsuccessful cases with segmentations from successful cases to exclude the

possibility of errors coming from bad tumor geometry, greatly smoothing out the initial 3D brain

model before discretization to avoid sharp angles, and tinkering with MTLED internal parameters,

achieving very inconsistent results with varying success rates.

6.2 Architectural Choices

Detailed architectural analysis revealed that combined spatial and channel-wise squeeze and ex-

citation (SE) blocks consistently outperformed spatial-only and channel-only variants across both

initializations. This suggests that deformation refinement benefits from jointly modeling where

corrections should occur (spatial) and which components of the displacement vectors should be

emphasized (channel).

Architectural depth was also an important factor. A four-level U-Net outperformed a deeper

five-level variant across all evaluated metrics, as additional downsampling degraded performance

by limiting the preservation of fine anatomical detail. Additionally, varying the number of fea-

ture channels per convolutional level revealed a trade-off between global accuracy and localized

performance. Doubling the number of features improved whole-brain mean squared error (MSE)

and yielded statistically significant gains in some configurations, indicating increased capacity to

model global deformation trends. However, architectures with fewer feature channels achieved

better performance within the edematous tumor regions and comparable maximum Euclidean er-

rors (Max Errors), suggesting improved sensitivity to localized, clinically relevant deformations.

The ablation studies on the key network components showed that the residual formulation was

crucial, as models trained to directly regress the full displacement field had significantly worse

convergence, slower learning, and inferior final performance. This is consistent with findings

from denoising diffusion models, where predicting a correction (noise) rather than an absolute

target leads to more stable learning [314]. Residual learning aligns well with the intended purpose

of the framework, which is refining an initial approximation rather than generating a field from

scratch, reducing the burden on the network to learn large global displacements. This is especially

visible when TPS is used as initialization because omitting the residual pathway increased voxel

folding due to the overly smooth global behavior of TPS interpolations that caused the network to
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overcompensate.

Moreover, the inclusion of both ResNet blocks and squeeze-and-excitation (SE) modules re-

sulted in the best whole-brain MSE all around and provided the most stable architecture for the fi-

nal model. This stems from the residual connections improving gradient flow and enabling deeper

non-linear corrections. The SE modules, adaptively weighing channels and spatial locations, are

beneficial and an important point when conditioning the model on both the pre-operative image

and the interpolated displacement fields. As the model input concatenates both of these, it is im-

portant that the model learns the magnitude and behavior of deformations at specific locations in

the volume (e.g., the skull does not deform, and regions near the tumor suffer most of the deforma-

tions), and what components of each displacement vector require correcting. Interestingly, the SE

blocks were strongly dependent on the residual learning formulation. When the network directly

predicted the full displacement field, SE blocks degraded performance by reinforcing dominant

global patterns already captured by the initial interpolation, while suppressing fine local deforma-

tions. When residual learning was used instead, SE blocks improved performance by helping the

network focus on complex regions requiring refinement. This suggests that SE mechanisms are

better suited for correcting existing deformation estimates, where the feature space already con-

tains useful signals that need to be selectively emphasized, than for estimating full displacement

fields, which is a high-variance regression problem.

Finally, the Jacobian-based regularizer had a clear positive effect on anatomical plausibil-

ity. Increasing the regularization weight produced a sharp reduction in noninvertible mappings

by 40–45%, suggesting that supervision with synthetic biomechanical data alone is insufficient.

An explicit regularization term was necessary to constrain gradient behavior during training and

prevent deviations to physically implausible deformation patterns.

6.3 Comparison with Standard Interpolators

The final experimental comparisons demonstrate that the proposed deep refinement framework

consistently improves upon standard geometric interpolators, namely linear interpolation and thin-

plate splines (TPS), across all evaluated metrics. These improvements were observed for both

global accuracy, as measured by whole-brain MSE, and localized accuracy in clinically relevant

regions such as the edematous tumor area. Importantly, these gains were achieved without increas-

ing inference time, preserving the computational efficiency required for intra-operative use.

Three-dimensional linear interpolation implementations, while robust to sparse and unevenly

distributed keypoints, inherently produce piecewise-linear displacement fields that introduce dis-

continuities in deformation gradients. These artifacts are particularly problematic in regions with

complex geometry, where brain tissue suffers heterogeneous deformations. The proposed refine-

ment model effectively reduces these artifacts and enforces anatomically consistent transitions in

the displacement field. This is reflected in the substantial reduction in whole-brain displacement

error and improved alignment of fine anatomical structures in qualitative evaluations. In contrast,

TPS interpolation inherently yields globally smooth deformation fields. While this property is
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advantageous for avoiding sharp discontinuities, it also leads to oversmoothing and an inability

to represent localized deformation patterns. The proposed method inherently addresses this lim-

itation by predicting refinements that reintroduce local deformation variability supported by the

anatomical context of preoperative imaging.

Crucially, these results highlight a previously unaddressed limitation in keypoint-based regis-

tration pipelines, where geometric interpolation is typically treated as a final and immutable step.

By demonstrating that a learned, simulation-supervised refinement model can bridge the gap be-

tween sparse correspondence information and dense, biomechanically plausible deformations, this

work establishes that the interpolation stage itself is a critical opportunity for improvement.

6.4 Clinical Implications

Given that the proposed method can rapidly refine a displacement estimate with low inference

time and computational overhead, it can be integrated into existing navigation workflows with-

out disruptions. Because these workflows rely on sparse matched keypoints, they avoid the need

for computationally expensive intra-operative imaging or high-end neuronavigation systems. This

has important implications for global neurosurgery in places that lack resources for advanced

imaging, provided that a low-cost modality or manually selected anatomical points can be used

to produce corresponding keypoint displacements. However, a major consideration is the reli-

ability of the keypoints used. In a clinical setting, these keypoints can be either automatically

detected and matched by upstream automated methods, but their performance and reliability vary

substantially. Some degree of surgeon input, either through manual keypoint selection or verifi-

cation, may still be necessary to ensure that robust correspondences are given as initialization to

the model. Additionally, a minimal amount of intra-operative imaging needs to be acquired to cal-

culate the displacements at these keypoints for the initialization of the interpolated displacement

field. Real clinical workflows must still accommodate this, and variability in time constraints,

tissue exposure, and surgical techniques all may impact the feasibility of obtaining sufficiently

informative keypoints. The number of the keypoints and their placement directly influence the

stability and accuracy of the refined displacement field. Although the method performed well even

under relatively sparse keypoint configurations (see Table 5.4), the variance in the observed results

demonstrates that keypoints that are poorly placed, mismatched, or too clustered may propagate

misleading trends into the initial field, which the refinement model may only partially correct.

A further practical implication is interpretability. Unlike intensity-based registration, keypoint-

based methods allow for direct visualization of what is driving the registration process, and the

interpolation refinement is easier to understand as a correction relative to those keypoints. This

improves user trust and clinical validation in situations where surgeons rely on these deformation

estimates to guide resection margins or determine the location of functional brain structures.
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6.5 Contextualization within Related Work

While the proposed method does not perform registration directly, its contribution sits at a critical

point in keypoint-based registration pipelines by enhancing the interpolation step with a physics-

guided refinement mechanism. This situates it in a unique spot, because current keypoint-based

methods, whether they rely on Scale-Invariant Feature Transform (SIFT) keypoints and descrip-

tors or deep feature extractors, share a common dependency on geometric interpolators to convert

sparse matches into dense displacement fields. Yet, these interpolators fail to represent com-

plex, heterogeneous brain shift. This may be a reason why current DL-based registration methods

rely on instance optimization (IO) post-processing steps (recall Section 3.1.7) to achieve state-

of-the-art performance, since commonly employed methods disregard finer biomechanical behav-

iors of the brain under craniotomy, tissue resection, and multimodal registration. On the other

hand, biomechanical modeling of the brain offers physical realism but remains too slow for intra-

operative integration in surgical workflows for continuous image updating.

The proposed approach thus establishes a middle ground that is currently missing in the litera-

ture: a biomechanically supervised refinement module that can be inserted directly into any sparse

keypoint-based method without modifying the upstream pipeline, providing biomechanically in-

formed deformations in real time.
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Conclusion

This thesis presented a physics-guided deep learning (DL) framework for refining sparse keypoint-

derived displacement fields into dense, biomechanically plausible deformations for brain shift

compensation. Motivated by the limitations of classical geometric interpolators, which fail to

capture the true mechanical behavior of the brain during tumor resection, the proposed method

addressed a critical yet underexplored component of keypoint-based registration pipelines. Rather

than proposing a full registration solution, this work focused on improving the interpolation stage

itself, positioning the framework as a modular refinement block that can be seamlessly integrated

into existing sparse correspondence workflows. This design choice enables compatibility with a

wide range of upstream keypoint extraction and matching strategies while remaining suitable for

intra-operative integration.

This work combined patient-specific anatomical information from pre-operative magnetic res-

onance imaging (preMRI) and synthetic displacement fields generated through a biomechanical

simulation pipeline. Biomechanical simulations served as physically grounded supervision, en-

abling the network to learn deformation patterns that are difficult or impossible to observe directly

in real surgical settings. Through extensive experiments, the proposed deep interpolator demon-

strated significant improvements over classical interpolators in accuracy, anatomical fidelity, and

deformation plausibility. These gains were achieved with negligible computational overhead,

maintaining inference times compatible with real-time neuronavigation. Overall, these results

validate the central hypothesis of the thesis that a physics-guided DL model can correct and con-

strain the outputs of geometric interpolators, producing displacement fields that more accurately

reflect the biomechanics of the brain.

This thesis provides several novel contributions to the field of neurosurgical image registration

and brain shift correction that together establish a new direction for enhancing keypoint-based

registration pipelines by integrating biomechanical realism into the interpolation step:

• A deep, biomechanically guided interpolation module that refines classic geometric inter-

polators using physics-driven supervision. This module is explicitly designed to operate

downstream of keypoint matching, making it agnostic to the choice of keypoint detector or

descriptor and broadly applicable across pipelines. To the best of our knowledge, this is
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the first work to directly learn biomechanically informed corrections of sparse-interpolation

displacement fields.

• A large-scale dataset of patient-specific synthetic brain deformations generated using the

meshless total Lagrangian explicit dynamics (MTLED) framework. These simulations model

tissue relaxation following tumor resection and gravity-induced brain shift, capturing real-

istic deformations and providing ground-truth displacement fields that are otherwise unob-

tainable in real surgeries. This dataset effectively enables learning-based methods to develop

an understanding of the biomechanical behaviors of brain deformations in neurosurgery.

• A computationally lightweight refinement strategy that introduces negligible latency relative

to standard interpolation methods, thus meeting the practical constraints of real-time intra-

operative integration. This efficiency at inference time, combined with sparse keypoint input

requirements, makes the method particularly suitable for surgical environments with limited

intra-operative imaging resources.

• Extensive ablation studies that reveal the contribution of each architectural component (resid-

ual learning, squeeze-and-excitation (SE) blocks, Jacobian regularization) to achieve pre-

cise, stable, and realistic displacement refinements.

Although the proposed framework shows strong performance and practical potential, several

limitations remain and motivate future research. The model relies on sparse keypoints and the

preMRI. In real surgeries, keypoints extracted intra-operatively, usually through ultrasound, may

be noisy or mismatched due to artifacts and a limited field of view. While the refinement model

showed robustness across a wide range of keypoint counts and distributions, extreme errors in the

initial interpolation can still bias the refined field. This motivates future extensions incorporating

uncertainty-aware keypoints, explicit outlier rejection, or probabilistic correspondence modeling.

An end-to-end framework that jointly performs keypoint detection and matching, and refines dis-

placement fields, may further improve the robustness of this registration task.

Additionally, while the Jacobian regularization promotes anatomical plausibility by reducing

the number of noninvertible mappings, diffeomorphism is not strictly enforced. Complex defor-

mations, such as those near the tumor cavity and skull boundaries, may still require stronger con-

straints. As diffeomorphic registration is preferred in clinical research because it guarantees both

inverse consistency (IC) and topology preservation, it should be explicitly enforced into future

iterations of this method for clinical robustness.

Regarding generalization, the model was trained on the University of Pennsylvania Glioblas-

toma (UPenn-GBM) dataset, which only includes high-grade gliomas. Other pathologies, such as

low-grade gliomas and meningiomas, exhibit distinct deformation behaviors due to differences in

tissue stiffness, mass effect, edema patterns, and resection dynamics, which are not represented in

the current training distribution. In addition, training was performed using only contrast-enhanced

T1-weighted (ceT1) magnetic resonance imaging (MRI) scans, chosen for their consistent avail-

ability in brain tumor cases. While this simplifies deployment, reliance on a single modality
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limits exposure to complementary anatomical and textural cues present in other sequences (e.g.,

T2-weighted (T2) or fluid-attenuated inversion recovery (FLAIR)), likely hurting generalization.

Moreover, the biomechanical simulations used for supervision rely on assumed material prop-

erties, simplified boundary conditions (BCs), and gravity-based modeling. These assumptions

may not fully capture the diversity of real surgical scenarios involving cerebrospinal fluid (CSF)

leakage, dynamic tissue collapse, or surgical tool interactions. As a result, both the pathology

distribution and the simulation assumptions limit the extent to which the model can generalize to

out-of-distribution cases. Broader training and validation across diverse tumor types, such as in

the data found in the Brain Resection Multimodal Imaging Database (ReMIND), and the develop-

ment of more expressive biomechanical simulations will be essential to ensure applicability across

a wider range of neurosurgical cases.

Finally, a natural next step is to integrate the proposed interpolator into a complete intra-

operative registration pipeline capable of continuous updates throughout surgery. Such integration

would allow refined deformation estimates to directly inform surgical decision-making in real

time, enhancing the reliability and interpretability of neuronavigation systems. Ultimately, this

work contributes to a key building block toward enabling more precise, interpretable, and safer

image-guided neurosurgery.
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[144] A. Bône, P. Vernhet, O. Colliot, and S. Durrleman, “Learning joint shape and appearance

representations with metamorphic auto-encoders,” in International Conference on Medical

Image Computing and Computer-Assisted Intervention, pp. 202–211, Springer, 2020.



Bibliography 94

[145] B. Fischer and J. Modersitzki, “Curvature-based image registration,” Journal of Mathemat-

ical Imaging and Vision, vol. 18, no. 1, pp. 81–85, 2003.

[146] E. Haber and J. Modersitzki, “Image registration with guaranteed displacement regularity,”

International Journal of Computer Vision, vol. 71, no. 3, pp. 361–372, 2007.

[147] T. Rohlfing, C. R. Maurer, D. A. Bluemke, and M. A. Jacobs, “Volume-preserving nonrigid

registration of MR breast images using free-form deformation with an incompressibility

constraint,” IEEE Transactions on Medical Imaging, vol. 22, no. 6, pp. 730–741, 2003.

[148] G. E. Christensen and H. J. Johnson, “Consistent image registration,” IEEE Transactions

on Medical Imaging, vol. 20, no. 7, pp. 568–582, 2002.

[149] H. Greer, R. Kwitt, F.-X. Vialard, and M. Niethammer, “ICON: Learning regular maps

through inverse consistency,” in Proceedings of the IEEE/CVF International Conference on

Computer Vision, pp. 3396–3405, 2021.
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Appendix A

Data augmentation

To synthetically increase the variability of the contrast-enhanced T1-weighted (ceT1) pre-operative

magnetic resonance imaging (preMRI) used for the training of the network, several intensity-based

data augmentation strategies were applied. Augmentation parameters were randomly sampled

from predefined ranges, following procedures adapted from the work in nnU-Net [172]. In this

context, x ∼ U(a, b) denotes that the variable x is sampled from a uniform distribution over the

interval [a, b], subject to a stochastically defined probability.

To prevent interpolation artifacts, no geometric transformations were applied to the displace-

ment fields. Specifically, rotations, translations, scaling, shearing, and mirroring transformations

present in the original data augmentation procedures cited above were intentionally excluded. All

augmentations were applied exclusively to the MRI intensity volumes and executed in the follow-

ing order on-the-fly during training:

1. Gaussian noise. Since all input volumes are normalized using z-score normalization, voxel

intensities have approximately zero mean and unit variance. Zero-mean Gaussian noise was

therefore added to each voxel with a probability of 0.15. The noise variance was sampled

from U(0, 0.1).

2. Gaussian blur. Spatial smoothing was applied with a probability of 0.20 per sample. The

standard deviation of the Gaussian kernel σ was sampled from U(0.5, 1.5).

3. Brightness scaling. Voxel intensities were multiplicatively scaled by a factor x ∼ U(0.7, 1.3)

with a probability of 0.15.

4. Contrast adjustment. Voxel intensities were scaled by a factor x ∼ U(0.65, 1.5) with a

probability of 0.15. Following scaling, intensity values were clipped to the original value

range.

5. Simulated low resolution. With a probability of 0.25, samples were downsampled by a

factor drawn from U(1, 2) using nearest-neighbor interpolation and subsequently upsampled

back to the original resolution using cubic interpolation.
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6. Gamma augmentation. Gamma augmentation was applied with an overall probability

of 0.15, following two equally likely variants. In the first variant, voxel intensities were

normalized to the [0, 1] range, transformed according to inew = iγold with γ ∼ U(0.7, 1.5),

and then rescaled to the original intensity range. In the second variant, intensities were

inverted prior to the transformation, i.e., 1− inew = (1− iold)
γ , before being rescaled back.
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