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Abstract

Recent studies have highlighted the significance of spine stiffness and spinopelvic

measures in the analysis of lower limb dynamics during human motion. These factors

are essential for optimizing surgical planning, especially in total hip arthroplasty

(THA) procedures. Their critical role is particularly evident in individuals who have

prior spine fusion surgery undergoing THA. However, the mechanism through which

these parameters impact human movement remains to be fully elucidated.

This thesis aims to bridge this knowledge gap by introducing a novel approach to op-

timizing THA. It involves integrating an innovative deep learning model, LanDet—an

anatomical landmark detection algorithm—with a predictive human dynamic model

for surgical planning. This integration is crucial in considering the often-neglected

aspects of spine stiffness, pelvic tilt, and spinopelvic measures, especially in patients

with previous spine fusion surgery. The LanDet model streamlines the extraction of

spinopelvic metrics, thus improving the efficiency and accuracy of surgical planning.

It also provides essential data to assign suitable stiffness parameters for the predictive

simulation model. The predictive model is then utilized to optimize hip cup implant

orientation, tailored for each specific spinopelvic condition. This approach ensures

a more refined patient categorization system than currently exists, and enables sur-

geons to optimize hip implant orientation, thereby minimizing the risk of implant

impingement and potential dislocation post-surgery.

The first part of the thesis introduces LanDet, explaining its role in enhancing

surgical planning efficiency and precision. LanDet not only expedites the extraction of

spinopelvic metrics using a physics-informed deep learning model but also supports a

refined patient categorization system. It provides necessary data for assigning suitable

stiffness parameters in the predictive model, which is critical for individualizing THA

procedures. LanDet demonstrates performance improvements and addresses current

challenges in anatomical landmark detection, such as the misdetection of adjacent or

similar landmarks.

Building on LanDet’s capabilities, the second part of the thesis concentrates on

optimizing the orientation of the cup implant. This includes an analysis of factors like
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spine stiffness and pelvic tilt, vital in evaluating the risk of implant impingement and

dislocation after THA surgery. Through two case studies involving motion capture

and radiographic analysis, the research illustrates the impact of varying spinopelvic

conditions on lower limb motion during daily activities, such as the sit-to-stand

movement. A significant achievement of this research is the development of a dynamic

human model incorporating detailed spine elements. This research pioneers the use

of predictive dynamic modeling in this context, refining cup implant orientation by

considering patient-specific spinopelvic conditions. It establishes a direct correlation

between spine stiffness, pelvic tilt, and the risk of implant impingement, providing

guidance and insights for surgeons in pre-operative planning.

In summary, this research introduces an end-to-end approach to optimize THA

surgery outcomes, which can be extended to investigate the impact of diverse patho-

logical conditions, not addressed in this specific research, on optimized implant

positioning. This can advance THA and other surgical procedures, contributing

to increased patient satisfaction and delivering possible time and cost savings to

healthcare systems.
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Chapter 1

Introduction

1.1 Spine, Pelvis, and Hip Relationship and Mea-

sures

There are several measures in the spine and pelvis by which the shape and function of

the spine-pelvic complex is defined [1, 2, 3]. The Main pelvic measures are Acetabulum

Anteversion (AA), Pelvic Incidence (PI), Pelvic Tilt or Pelvic Version (PT or PV)

and Sacrum Slope or Sacrum Tilt (SS or ST). These measures are shown in Figure

1.1.

Acetabulum Anteversion (AA), in the radiographic definition [4], is defined as the

angle between acetabular axis and coronal plane, which is sometimes called planar

anteversion. Pelvic Incidence (PI) is a morphologic parameter defined as the angle

between the perpendicular line (n̂) to the upper end plate of last vertebra of the

sacrum (S1) at the mid-point (Q), and the connecting line of this point to the center

(C) of femoral head [3]. This parameter is strictly related to the shape of the pelvis
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Figure 1.1: Main pelvis and spine measures

[5]. This parameter remains constant in each pelvic posture and it is equal to the

sum of two measures (PT and SS) [6]. Pelvic tilt or pelvic version (PT or PV)

is the angle between the vertical reference line and the connecting line between Q

and C. Sacrum Slope (SS) is the angle between the tangent (t̂) to the upper end

plate of S1 and the horizontal reference line. The normal ranges for PT and SS

are 13◦ ± 6◦ and 42◦ ± 8.5◦, respectively [7, 8]. More detailed information on the

normal values for the pelvic measures in standing and sitting positions are discussed

by Ike et al. [9]. Researchers have delved into the impact of spinopelvic measures

on total hip arthroplasty, exploring various aspects of the spinopelvic relationship

[6, 10, 11, 12, 13, 14, 9]. Lumbar Lordosis (LL), Thoracic Kyphosis (TK) and Cervical

Lordosis (CL) are the main measures of the spine. LL is the angle between the tangent

to the lower plate of L5 and upper plate of L1. Thoracic Kyphosis (TK) indicates the

curvature of the thoracic part of the spine and is defined as the angle between the

tangent to the lower plate of T12 and upper plate of T4 [15]. Cervical Lordosis (CL)
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represents the cervical curvature and is defined as the angle between the tangent to

the lower plate of C7 and upper plate of C2.

1.2 Total Hip Arthroplasty (THA) and Spine Stiff-

ness

Total Hip Arthroplasty (THA) is a surgical procedure employed to excise damaged

portions of the hip joint. This anatomical structure, often likened to a “ball and

socket” joint, comprises the femoral head (or an artificial stem) as the ball and the

pelvic cavity (or an artificial cup) as the socket (Figure 1.2). During THA, the

femoral head and the spherical pelvic bone cavity are excised and substituted with

artificial implants. The global prevalence of THA is estimated at 87 cases per 100,000

individuals and is projected to increase by 40% by 2030 [16]. In Canada, there were

approximately 59,000 hip replacements conducted during the 2016–2018 period. A

comparative analysis of reports from 2016 and 2018 revealed a notable 17.4% increase

in hip replacement surgeries. It has been reported that 8.2% of patients who had THA

surgery, requiring revisions to address issues like complete dislocations hip dislocation

(occurs when the femur’s head is displaced from the cup), leg length disparities, and

implant loosening [17, 18].

It has been reported that patients with fixed spinopelvic alignment (i.e., in whom

less PT change occurs when they move from standing to sitting posture) are at higher

risk of dislocation [19]. Some researchers have clinically studied the effects of spinal

fusion and disorders on the risks of hip impingement (contact between the femoral

neck and the cup) and dislocation [10, 20] using medical imaging before and after

the surgery. Considering patient-specific spinopelvic mobility, which is thought to
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Figure 1.2: Replacing damaged hip joint with implant in a THA surgery

be because of different spine anatomy and stiffness [21], helps surgeons identify the

optimal cup positioning and orientation during the surgery. The contribution of

the spine in postural changes during certain motions depends on the stiffness of the

spine, and can affect spinopelvic motion if stiffness or deformity are present [13].

In combination, reduced spinal flexion, decreased pelvic tilt range, and more hip

flexion when moving from standing to sitting positions increase a patient’s risk of hip

dislocation after THA surgery [22]. It can be assumed that this relationship affects

the success of the surgery, but the exact mechanisms involved and their influence

on an operation’s outcome have not yet been clarified [6], motivating this research

on the effects of spinal geometry, kinematics, and stiffness on spinopelvic motion.

The stiffness of the spine is influenced by a range of factors, including anatomical

characteristics, spinopelvic measures, age-related changes, and the effects of spinal

fusion surgery. In Chapter 2, we conduct a review on each of these factors to gain

an understanding of how they collectively impact spine stiffness and, ultimately, the

outcome of THA procedures.
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One of the primary contributing factors to hip dislocation occurs when there is

contact between the femoral neck and the cup, a condition known as impingement [23].

This contact can result in the femur being levered out of the cup. Currently, there is

a notable dearth of mechanistic models within the existing literature that explain the

intricate relationship between implant positioning, design parameters, patient-specific

characteristics, and impingement during the dynamic motions encountered in daily

activities. Proper cup positioning and orientation are critical factors in reducing the

risk of impingement or hip dislocation during THA surgery [24]. Traditionally, the

widely-accepted standard for cup orientation has been the Lewinnek safe zone [25].

However, recent research has cast doubt on the efficacy of this metric in predicting

hip dislocation risk. Additional factors, such as pelvic tilt (PT) and spine flexibility,

which are not considered by the Lewinnek guidelines, have been shown to influence the

likelihood of hip dislocation [13, 26, 27, 21]. However, there is an absence of detailed

mechanistic models in the literature to explore the factors mentioned above. Therefore,

there is a need for such research to investigate the impact of subject-specific factors

like spinopelvic measures or spinal stiffness on lower limb motion. Such studies can

shed light on whether incorporating these considerations into THA surgery planning

can effectively mitigate the risk of impingement or dislocation post-surgery.

1.3 Automatic Extraction of Spinopelvic Measures

and Patient Categorization

To achieve the optimal results in THA surgery, surgeons should take into account

a patient’s unique characteristics and the stiffness of their spine. Researchers in

clinical practice have taken this into consideration by classifying patients according
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to their spinopelvic measures and spine stiffness levels. For each category, they

have suggested tailored surgical strategies [13, 14, 22]. Surgeons use spinopelvic

measures for preoperative evaluation and diagnosis of spinal and pelvic malalignment

disorders. For the analyses, they prefer to use X-ray images, which impose lower

doses of radiation than CT-scans, taken in standing position to reflect true alignment

under the effect of the physiological axial loads on the spine. The most important

measures to be evaluated are the Sacral Slope (SS), Pelvic Tilt (PT), Pelvic Incidence

(PI), Lumbar Lordosis (LL), and Sagittal Vertical Axis (SVA). Certain anatomical

landmarks are used to extract these measures from lateral X-ray images. Manual

annotation of these landmarks is time-consuming and the accuracy of this process is

dependent on the annotator and image quality. To improve consistency, there has

been a growing interest in automatic approaches that extract these measures. Deep

Learning (DL) techniques have achieved the highest levels of accuracy in landmark

prediction so far [28]. The prevailing approach for landmark detection in recent

studies, known as heatmap-based regression [29, 30, 31], comes with certain inherent

limitations. In this thesis research, we introduced LanDet, a novel deep learning

model that detects landmarks as objects and incorporates anatomical constraints

directly into the model, enhancing its accuracy and efficiency.”

1.4 Research Overview

As discussed in Section 1.2, a gap exists between clinical investigations and engineering

approaches, particularly mechanistic models, in the pursuit of optimizing THA

surgical outcomes. This motivates us to integrate engineering techniques into THA

pre-operative planning to enhance and optimize its overall outcome. To gain a deeper
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understanding of the influence of various spinal conditions on lower limb motion,

a literature review along with two case-study experiments were conducted. These

encompassed a motion capture study involving sit-to-stand motion, as well as a pre-

operative radiographic analysis utilizing X-ray images of patients in both sitting and

standing postures. This comparison of spinopelvic measures was crucial in elucidating

the necessity for a dynamic human model in achieving optimal surgical planning.

Figure 1.3: Thesis workflow

The primary goal of this research is to introduce an end-to-end approach for

optimizing THA surgery, taking into account the influence of spine stiffness and

spinopelvic measures to address potential surgical challenges (Figure 1.3). This is

particularly crucial in scenarios where surgeons may not fully consider the impact of

subject-specific factors such as spine stiffness, pelvic tilt, and spinopelvic measures.

To achieve this, two key steps are involved. Firstly, we employ a deep learning

approach to overcome the complexities associated with automatically extracting

spinopelvic measures and utilizing them for patient categorization. Subsequently, a
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subject-specific multibody dynamic musculoskeletal human model, complete with

intricate spinal elements, will be constructed. This model will enable a detailed

investigation into how spine stiffness affects lower limb motion and, notably, the

outcomes of THA surgery. Furthermore, we utilize predictive simulations utilizing

this dynamic model with the aim of determining the optimal implant configuration

that minimizes the risk of dislocation following THA.

The outcomes of this study are expected to have a significant positive impact on

THA surgical planning, ultimately reducing the risks of hip impingement or dislocation

post-THA. These improvements are likely to enhance patient satisfaction and minimize

post-surgical complications. Moreover, the anticipated positive outcomes are expected

to translate into time and cost savings within healthcare systems.

1.5 Thesis Outline

Chapter 2 offers a detailed literature review, organized into three sections. In Section

2.2, the current state-of-the-art in automatic extraction of spinopelvic measures is

discussed, along with associated challenges and potential avenues for improvement.

Section 2.3 provides an overview of clinical studies examining the impact of spine

stiffness, spinopelvic measures, and spinal fusion on THA surgery. This section

discusses the disparity between clinical observations and the engineering techniques

required to bridge this gap. Finally, Section 2.4 delves into a review of the literature

concerning spinal modeling approaches, predictive musculoskeletal simulations, specif-

ically focusing on sit-to-stand motion, as well as hip biomechanics and computational

models aimed at optimizing implant positioning.

Chapter 3 introduces a novel physics-informed deep learning methodology devel-
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oped for extracting anatomical landmarks crucial for computing essential spinopelvic

measures, pivotal in patient categorization. This approach leverages anatomical

constraints, treating landmarks as objects, to enhance the accuracy of the landmark

detection algorithm. Additionally, within this chapter, a novel single-stage landmark

detection method is introduced, named LanDet. This approach is founded on the

aforementioned innovative principles and serves the dual purpose of eliminating the

requirement for computationally-intensive heatmaps while simultaneously enhanc-

ing the accuracy of landmark detection through the incorporation of anatomical

constraints. Categorizing patients based on spinopelvic measures is essential for

fine-tuning spine stiffness parameters in the predictive dynamic simulation, a topic

that will be elaborated on in the later chapters.

Chapter 4 delves into two case-study experiments designed to provide an un-

derstanding of how various spinal conditions impact hip movements. The initial

experiment involves a motion capture study, where subjects engage in a sit-to-stand

motion, enabling the capture of joint angles. The second experiment entails a radio-

graphic analysis utilizing X-ray images from patients considering THA surgery. This

analysis entails a comparison between the traditional method, which focuses solely on

spinopelvic measures in standing and sitting postures, and an approach incorporating

a continuous trajectory of joint angles and measures. This chapter emphasizes the

significance of dynamic motion analysis as opposed to relying solely on stationary

X-ray imagery (i.e., worst position for dislocation is neither sitting nor standing, but

in between the 2). This pivotal shift sets the stage for Chapter 5, where we delve

into how a predictive simulation can address various “what if” scenarios.

Chapter 5 addresses a previously-mentioned gap in the literature regarding implant

positioning recommendations for patients seeking THA with a history of spinal fusion
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or stiff spine conditions. To address this, we employ a novel predictive simulation

approach, developing a multibody human model with detailed spinal elements, in-

cluding nonlinear ligaments and Intervertebral Discs (IDs). This model is utilized to

assess the influence of spine stiffness on lower limb dynamics, specifically emphasizing

the sit-to-stand motion. We consider diverse spinal conditions, including instances of

stiff or fused spines across various levels of lumbar vertebrae. In each patient-specific

scenario, we ascertain the optimal cup implant orientation by using the Angular

Impingement Distance (AID) metric, precisely measuring the proximity to potential

implant impingement. This pioneering and fully predictive simulation approach marks

a significant milestone, as it enables us, for the first time, to mathematically recom-

mend cup implant orientations customized to each patient’s specific spinal condition.

This tailored approach can effectively minimize the risk of implant impingement

following THA.

Chapter 6 serves as the concluding section of this thesis, offering a summary

of the research endeavors and the significant contributions made in the area of

automatic anatomical landmark detection and predictive human motion simulation.

It also addresses limitations and provides recommendations for potential future work.

Additionally, this chapter explores avenues for refining musculoskeletal modeling and

predictive simulations, aiming to improve implant placement in future studies.

10



Chapter 2

Background

2.1 Chapter Overview

In this chapter we focus on providing a literature review, structured into three

main sections according to the objectives of this thesis research. In Section 2.2, it

delves into the most current advancements in the automatic extraction of spinopelvic

metrics. This section also highlights the challenges associated with this process and

proposes potential avenues for enhancement. Moving on to Section 2.3, a thorough

examination of clinical studies investigating the effects of spine stiffness, spinopelvic

metrics, and spinal fusion on THA surgery is provided. The objective here is to clarify

the existing gap between clinical observations and the engineering methodologies

needed to bridge it. Finally, Section 2.4 scrutinizes the literature pertaining to spinal

modeling approaches, predictive musculoskeletal simulations with a specific focus

on sit-to-stand motion, hip biomechanics, and computational models designed to

optimize implant positioning.
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2.2 Automatic Extraction of Anatomical Land-

marks

The assessment and prediction of the geometric characteristics of the spinopelvic

complex have garnered significant interest among both the clinical and research

communities [32, 33, 34]. Radiological examination of the spine and pelvis plays

a crucial role in both surgical and non-surgical treatments of spinal disorders [35].

Understanding the sagittal balance of the spine and pelvis, which entails the interplay

between spine and pelvic measures, is crucial for maintaining postural equilibrium.

Initially, measurements of sagittal balance were conducted manually using conven-

tional radiographs and later assisted by computer-based tools [30]. However, the

inherent limitations of radiographic imaging and subjectivity in manual measurements

introduced errors [36].

To address these challenges, machine learning techniques, a subset of artificial

intelligence (AI), were employed, allowing computer models to recognize patterns

in data [37]. With the advancement of deep learning (DL), a specialized branch

of machine learning that emulates the information processing of neural systems,

performance in automated image analysis significantly improved. DL methods excel

in learning optimal features and feature compositions without human-designed feature

extraction. Consequently, DL has found extensive application in various domains,

including radiology, musculoskeletal radiology, and spinal disorders [32].

The concept of sagittal spinopelvic balance has gained widespread recognition

among radiologists and spine professionals, as it is essential for understanding the

etiopathogenesis of spinal deformities and selecting appropriate treatment options [30].

Evaluating sagittal balance typically involves radiographic measurements of geometric
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relationships among specific anatomical landmarks in sagittal X-ray images. Measures

such as Sacral Slope (SS), Pelvic Tilt (PT), Pelvic Incidence (PI), Lumbar Lordosis

(LL), and Sagittal Vertical Axis (SVA) are commonly used to assess sagittal balance

[38]. However, manual measurements can be subjective, time-consuming, and prone

to inaccuracies due to the complexity of accurately identifying anatomical landmarks.

To overcome these challenges, various computer-assisted tools and software have been

developed, but they still rely on observer input [39].

2.2.1 Deep Learning Approaches

Recent advancements in artificial intelligence and deep learning techniques have

provided promising avenues for automating the process of extracting anatomical

measures from radiographic images of the spine [40]. These technologies offer the

potential to enhance efficiency, reduce the burden on healthcare professionals, and

improve the accuracy of measurements [41]. Additionally, they enable the analysis

of a wide range of clinical scenarios, including sagittal and coronal deformities,

degenerative phenomena, and images acquired with varying fields of view [40].

Machine learning approaches also have been utilized to classify the severity of

spinal disorders in a radiation-free method [42]. In this context, several studies have

proposed innovative methods leveraging machine learning algorithms to automate

the measurement of spinal alignment parameters without using images. Samadi et al.

developed machine learning algorithms to classify the spinal disorders and the Cobb

angle in adolescents with idiopathic scoliosis based on the lumbosacral joint (L5-S1)

efforts during gait as the input data [42, 43].

Other innovative approaches encompass techniques ranging from fully convolu-
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tional neural networks with differentiable spatial to numerical layers (DSNT) to

fine-tuned Mask R-CNN models for vertebral segmentation [40, 28]. The results of

these studies have shown promising outcomes, with accurate predictions of verte-

bral locations and sagittal alignment parameters, despite inherent challenges and

limitations [31, 28].

While these automated methods demonstrate significant potential, it is essential

to critically assess their performance and address the associated challenges. These

include potential variations in image quality, noise, and the presence of different

spinal pathologies [31, 28]. Moreover, it is imperative to evaluate the reliability and

reproducibility of automated measurements in comparison to manual assessments

performed by experienced clinicians [30].

Heatmap-based regression, the most common method used for landmark detection

in recent studies [29, 30, 31, 44], has some inherent drawbacks including issues with

overlapping heatmap signals and post-processing requirements.

2.2.2 Key-point Detection Methods

To assess sagittal spinopelvic measures, two primary methods are generally employed.

The first approach involves landmark detection [45, 39, 30, 40, 46, 47, 29, 31, 48, 44],

often complemented by preliminary structure detection, followed by direct geometric

measurements using the identified landmarks. The second approach utilizes structure

segmentation [49, 41, 50, 51, 52], followed by landmark and/or inclination detection

from the segmented structures. Some studies have also reported measurements

based on shape model matching or direct feature embedding [53, 47]. While recent

solutions tend to combine both approaches, earlier studies mostly relied on landmark
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detection alone. Notably, convolutional neural networks (CNNs) were frequently

used, where input images underwent convolutional and pooling layers for feature

extraction and fully connected layers for feature classification [54]. However, the trend

is now shifting towards segmentation with CNNs, incorporating encoder-decoder

architectures. Consequently, landmarks are often transformed into segmentable

heatmaps using various techniques, including Gaussian or exponential functions

[29, 31, 44], spinal curvature constraints [55], or the differentiable spatial to numerical

transform (DSNT) in combination with network architectures like a fully convolutional

network (FCN) [40, 56], cascaded pyramid network (CPN) [31], or dense neural

network (DenseNet) [28]. A recent approach involves initial structure segmentation

followed by vertebral endplate and/or landmark identification [32].

The U-Net architecture, known for its ”U”-shaped layer arrangement (Figure 2.1),

has gained popularity due to its skip connections, enabling the preservation of fine

image details through skip connections from early to late layers. This allows for the

retention of small-scale features that might otherwise be lost, while still capturing

large-scale features [32]. The U-Net architecture [30, 49, 57, 58, 44], along with its

variations like the Residual U-Net (ResUNet) [29], Multi-Dilated Recurrent Residual

U-Net (MDR2-UNet) [59], and Stacked Hourglass Network (SHN) [55] has been

widely utilized in deep learning applications. These models have proven effective in

tasks like spine segmentation, demonstrating adaptability to limited training data and

maintaining class balance. They have been employed for both structure segmentation

and landmark detection. Other deep learning architectures have been used for sagittal

spinopelvic parameter measurement, including region-based CNN (R-CNN) [41] for

landmark detection, RetinaNet [30], residual neural network (ResNet) [56], and

bidirectional feature pyramid network (BiFPN) [44] for structure detection, mask
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Figure 2.1: U-Net architecture [32]

R-CNN [41] for structure segmentation, and cascaded amplifier regression network

(CARN) [53] for direct feature embedding. Some architectures have benefited from

the implementation of the Wing or focal loss functions, as well as multi-view feature

fusion in anteroposterior and lateral X-rays [48]. Notably, structure segmentation has

primarily been applied to either cervical or lumbar X-ray images, suggesting that

current state-of-the-art DL architectures may still have room for improvement in

whole spine image analysis [32].

2.2.3 Object Detection

Object Detection involves identifying objects in images and categorizing them by

estimating bounding boxes around them. There’s significant overlap between object

detection and anatomical landmark detection, as body segments and keypoints can be

treated as objects. This approach has been previously used for the purpose of human

pose estimation while using object detectors for body part detection, and modern
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approaches have extended this to keypoint detection [60]. Traditional methods before

deep learning involved sliding windows and extracting features like HOG [61], SIFT

[62], or Haar-like features [63, 64], classified using SVMs [65] or AdaBoost [66]. Deep

learning-based approaches, utilizing CNNs, have largely replaced traditional methods.

These deep learning-based object detection methods can be categorized into single-

stage and two-stage algorithms. Single-stage detectors perform both object localization

and classification simultaneously across a dense grid, exemplified by detectors like

YOLO [67], SSD [68], and RetinaNet [69]. Two-stage detectors, popularized by

R-CNN family networks (e.g., R-CNN [70], Fast R-CNN [71], Faster R-CNN [72]),

first generate a sparse set of candidate object locations (region proposals) and then

classify them. Figure 2.2 illustrates the architectural components in modern CNN-

based object detectors, depicting single-stage and two-stage models. The architecture

typically includes a backbone CNN feature extractor (e.g., VGG [73], ResNet [74],

MobileNetV2 [75]), a ”neck” that integrates feature maps, and a network head

for dense or sparse prediction. Single-stage detectors provide bounding box and

class predictions for all locations in multi-scale output grids. In contrast, two-stage

detectors extract a sparse set of region proposals and classify them in a separate stage

[76].

The two-stage algorithms, including R-CNN, Fast R-CNN, and Faster R-CNN,

initiate with region proposals generated by selective search. They use features

extracted by networks like AlexNet [77] and employ classifiers and bounding box

regression to refine object localization. Although these methods showed improvement

in performance, they had drawbacks such as fixed input size and separate component

training. Fast R-CNN combined feature extraction and classification, achieving both

speed and accuracy. Ren et al. [72] integrated region proposals using a Region
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Figure 2.2: Comparison of fundamental deep learning-based object detection model
designs: Single-stage versus dual-stage architectures. The foundational network may
be either a convolutional neural network (CNN) or a transformer-based network, and
its classification depends on whether the head network is structured as a one-stage
or two-stage model. In (a), the one-stage detector accomplishes object localization
and classification concurrently within the head network. Conversely, for the two-
stage detector, localization and classification occur after region proposals have been
generated, as illustrated in (b). [76]

Proposal Network (RPN), significantly enhancing speed. This led to Faster R-CNN

[72], which was considerably faster than its predecessors. Several improvements

followed, including fully-convolutional classification (R-FCN) [78], feature pyramid

networks (FPN) [79], Cascade R-CNN [80], and Libra R-CNN [81], addressing various

challenges in training and detection.

One-stage algorithms, like YOLO [67], SSD [68], and RetinaNet [69], perform both

classification and regression over a dense grid. YOLO, for instance, directly converts

feature maps to a dense output grid, associating each cell with objectness, class

probabilities, and bounding box estimates. This approach provides a commendable

balance between speed and accuracy. SSD, inspired by YOLO, introduced anchor
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boxes and adjustments to better match object shapes. It also utilized multi-scale

output grids, achieving similar speed as YOLO but with higher accuracy.

YOLOv2 [67] refined the anchor box strategy using k-means clustering and incor-

porated other techniques, further enhancing performance. Despite outperforming SSD

on some metrics, it exhibited less precise bounding box localization. The introduction

of RetinaNet, utilizing Focal Loss to address class imbalance, revolutionized single-

stage detectors. This dense detector surpassed the accuracy of existing two-stage

detectors while maintaining the speed of single-stage detectors. Recent iterations of

YOLO have also achieved high accuracy without using Focal Loss, indicating their

inherent robustness. Although single-stage human pose estimation methods have the

potential to be faster than two-stage methods, current state-of-the-art single-stage

estimators struggle with the processing of large heatmaps [82], impacting their speed.

2.2.4 Discussion

When considering the choice between object detection using a one-stage algorithm like

YOLO and keypoint detection for anatomical landmark detection, several compelling

reasons favor the utilization of the one-stage approach. One of the primary advantages

lies in its efficiency. YOLO and similar one-stage detectors perform both classification

and regression over a dense grid, enabling real-time processing of images. This speed is

crucial in applications where prompt feedback or continuous monitoring of anatomical

landmarks is essential, such as in medical interventions or sports analysis.

Further more, one-stage detectors eliminate the need for complex post-processing

steps that are often required in keypoint detection methods. Keypoint detection

involves additional processing to identify and localize specific points of interest,
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which can introduce computational overhead. In contrast, the direct object detection

approach of YOLO streamlines the process and reduces the computational burden.

In summary, the adoption of a one-stage object detection algorithm, such as YOLO,

for anatomical landmark detection offers a compelling solution characterized by its

speed, simplicity, and efficiency. These attributes make it particularly well-suited for

applications where real-time processing and accurate identification of landmarks are

paramount. While keypoint detection approaches have their merits, the one-stage

object detection methodology stands out as an effective and efficient choice for this

specific task. Further details on our application of this approach for anatomical

landmark detection and the automatic extraction of spinopelvic measures will be

discussed in Chapter 3.

2.3 Clinical Studies on the Effects of Different

Spine Geometries and Stiffnesses on Lower

Limb Motion

2.3.1 Introduction

Analyzing the spine’s role in lower limb motion may initially seem labor-intensive

for seemingly marginal gains. However, the surge in patient complaints post-Total

Hip Arthroplasty (THA) surgeries [18], sepcially from patients who have had prior

spinal surgery [21], underscores the significance of incorporating spinal dynamics

into the lower limb motion analysis. While the widely-adopted Lewinnek safe zone

[25] sets the standard for cup orientation, recent studies have revealed its limited
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correlation with the risk of hip dislocation [13, 26, 27]. This risk, it turns out, is also

influenced by factors like pelvic tilt (PT) and spine flexibility—variables overlooked

by the Lewinnek guidelines. This chapter delves into clinical research exploring the

impact of the spine on lower limb motion. By doing so, we aim to gain insight into

whether accounting for these effects in THA surgery planning can mitigate the risk

of impingement or dislocation post-operation.

Patients with a fixed spinopelvic alignment, characterized by minimal pelvic

tilt variation when transitioning from standing to sitting, face an increased risk of

dislocation. Researchers have conducted thorough investigations into the effects

of spinal fusion and associated disorders on hip impingement and dislocation risks,

utilizing both pre- and post-surgery imaging techniques [20, 10]. Considering individ-

ual spinopelvic mobility, influenced by spinal anatomy and rigidity, provides crucial

guidance for surgeons in determining the optimal cup positioning and orientation

during surgery. The spine’s influence on postural shifts during specific movements

is contingent on its rigidity, potentially impacting spinopelvic motion in cases of

stiffness or deformity. Reduced spinal flexion, alterations in pelvic tilt patterns, and

increased hip flexion during position changes all amplify the risk of hip dislocation

after THA surgery. While this relationship likely plays a pivotal role in surgical

outcomes, the exact mechanisms and their impact on results remain a subject of

ongoing investigation [6]. This underscores the need for research with an engineering

perspective, focusing on spinal geometry, kinematics, and stiffness in spinopelvic

motion.

To bridge the gap between clinical findings and potential engineering solutions,

we conducted a review of pertinent research concerning spinopelvic measures, spine

stiffness, spinal fusion surgery, and their impacts on lower limb motion and THA
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outcomes. Our review encompassed three primary categories. Spinopelvic measures

play a pivotal role as key factors in patient categorization. Section 2.3.2 provides

an overview of studies in this category, emphasizing their significance. Moreover,

understanding the interplay between various spinopelvic types and their effects on

lower limb dynamics is crucial. Consequently, Section 2.3.3 explores studies focused

on delineating the hip-spine relationship and establishing patient-specific surgery

planning protocols.

The spine serves a crucial function in maintaining alignment and stability within

the spinopelvic complex. Increased spine stiffness, often attributed to factors like

fusion surgery, aging, and inherent anatomical variations [10, 9], can significantly

alter the behavior of this complex and subsequently impact lower limb motion.

This alteration in spine stiffness can, in turn, influence pelvic tilt, thereby affecting

hip range of motion and impeding everyday activities such as sit-to-stand motion.

These combined factors heighten the risk of post-surgery impingement or dislocation.

Consequently, Section 2.3.4 presents our final review, which delves into studies

assessing the effects of spine stiffness or fusion surgery.

All the studies we reviewed are summarized in Table 2.1, providing details on

study criteria, methodologies, and the most noteworthy research findings.

2.3.2 The Importance of Spinopelvic Measures and Consid-

ering Hip and Spine Relationship

In this section, clinical investigations will be reviewed to gain understanding of their

findings on any relationship between spinopelvic measures and different spinopelvic

motions. Although hip-spine relationships and their relationship to THA were noticed
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several years ago [83, 84], the topic has since grown in importance. Phan et al. [11]

defined PI, PT, and SS as the main measures to be used in evaluating spinal sagittal

balance. They divided patients into four groups according to their spinal flexibility

and sagittal balance. Several previous studies had not considered spine effects like

prior spinal fusion on lower limb motions and sagital balance [85, 86, 87, 88, 89],

even though they influence spinopelvic measures like AA during THA. The lack of

a treatment algorithm for patients who have had prior fusion surgeries was another

challenge for researchers who considered these relationships [90, 89, 86, 85]. A

treatment algorithm was proposed in recent research by Vigdorchik et al. [21], based

on a hip-spine classification system that will be discussed in this section. A study by

Phan et al. [11] introduced a conceptual framework for the estimation of hip range of

motion (ROM) in standing and sitting positions. This analysis resulted in identifying

possible limitations in the flexion and extension of the hip as a result of THA surgery

with different spinopelvic measures. They concluded that sagittal imbalance of the

lumbar spine, along with spinal fusion, influences AA during THA. But as the research

mentioned, to assess the types and amount of influence, further screenings are needed

as a clinical solution. Thus, these influences should be considered in future studies to

avoid increasing the risk of impingement and dislocation.

According to different spinopelvic measures, some researchers have started to

investigate the effects of the spinopelvic relationship on total hip arthroplasty [6,

10, 11, 12, 13, 14, 9]. Clarifying the evidence of any relationship between articular

impingement or dislocation and types of spine-hip relation (SHR), was the main

criterion of the research by Riviere et al. [13] to investigate the increased risk of

articular impingement or dislocation. For the SHR, they proposed a new concept

of “kinematically aligned THA”. They also considered functional cup orientation in
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comparison with the definition of the ”safe zone” introduced by Lewinnek et al. [25].

Abdel et al.[26] reported that more than 58% of complaints about dislocation after

THA surgeries are from those patients who had their implant placement according

to Lewinnek’s safe zone. The updated definition by Riviere et al., describes the

effects of lumbar mobility and pelvic kinematics on hip biomechanics in contrast

to the static safe zone defined by Lewinnek. The idea behind Lewinnek’s work

was that a general safe zone should be determined for every patient having THA

surgeries. However, it turns out that considering patient-specific measures like PI,

PT, SS, and LL can affect the outcome of this surgery, and this general static safe

zone should be modified to cover these patient-specific measures. To achieve that,

researchers must evaluate the relationship between these measures and their effects

on lower limb dynamics. One of these evaluations, by Ochi et al. [91], investigated

the effects of pelvic incidence during standing to sitting and changing LL and TK

on the positioning of the acetabulum in THA. Their results indicate the importance

of dynamic evaluation of sit-to-stand motion pre-operatively. After comparing two

patients with the same PT and LL measures in a standing posture, who experienced

different PT and LL in sitting postures, they concluded that this difference occurs

because of differences in spinopelvic mobility. The importance of dynamic evaluations

before and after THA was emphasized in this research, and the need to explore them

further in future studies was stressed in [91].

Another factor that can affect hip and spinal stiffness is Osteoarthritis disease

[92]. Osteoarthritis is a degenerative joint disease, in which the tissues in the joint

break down over time (cartilage, tendons, ligaments, synovium, bone) and it is

more common in older people [92]. The most common locations are hands, knees,

hips, neck, and lower back [93]. Incorporating findings from the study Kim et al.
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had on the impact of hip mobility on lumbar and pelvic mobility before and after

THA, highlights the critical link between hip osteoarthritis and spinopelvic dynamics.

This study provides empirical support for the biomechanical interplay between hip

joint degeneration and alterations in pelvic and lumbar mobility, emphasizing the

importance of considering these relationships in the management of THA [94]. In

another study, Sultan et al. compared dynamic changes in pelvic position parameters

between hip Osteoarthritis (OA) patients and non-arthritic subjects, revealing that

OA patients exhibit significant alterations in pelvic tilt, obliquity, and rotation from

standing to walking. The findings, demonstrating a three- to four-fold increase

in dynamic change for the OA group, underscore the importance of considering

these kinematic variations during THA to optimize implant positioning and enhance

post-surgical outcomes [93].

2.3.3 Patient Categorization towards Patient-specific THA

Surgery

In response to a patient’s specific measures and levels of spine stiffness, surgeons

should consider a variety of approaches to achieving the best outcome in THA surgery.

Researchers focused on clinical applications categorized patients based on various

spinopelvic measures and spine stiffnesses and proposed different surgery plans for

each category [13, 14, 22]. Riviere et al. defined three categories for spinopelvic

mobility and related them to four types of spinal shape. As can be seen in Figure 2.3,

patients with spine types 1 or 2 (flat shape) are considered to have a stiff spinopelvic

complex and tend to compensate with a greater hip range of motion for daily activities.

On the other hand, for patients with more curvature in their spine, the PI factor

becomes greater and their acetabula tend to have lower anteversion. Some practical
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Figure 2.3: Classification of spine and acetabulum according to mobility definition
[13]
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solutions proposed in this research are said to lead to better outcomes in THA [13, 95].

Lum et al. defined another classification of spinopelvic motion by considering a

relationship between acetabulum antiversion, pelvic tilt and lumbar lordosis. The

classification includes six possible groups of patients: normal, stiff, hyper-mobile,

fused, stuck standing and stuck sitting [14]. Other classifications have been proposed

based on spinopelvic balance and degree of motion [4, 89, 12]. A Radiographic study,

the method that the researchers used for evaluating the spinopelvic measures, is the

most common preoperative method that has been used in other research as well.

[10, 6, 12].

The definition of normal and abnormal spinopelvic motions and the way that these

motions will cause impingement and ultimately dislocation should be clarified. The

criteria for the classification of different types of spinopelvic relationships [4, 11, 89,

12, 14] rely on knowing the range of motion (ROM) in each part of this complex for

different classes of patients with different types of spinopelvic motion. Consequently,

any restriction or different behaviors of hip, pelvis, and spine can be considered as

criteria for a categorization. In a normal stand to sit motion, the angle between the

upper and lower part of the body will change from about 0 to 90◦. This range of

motion involves both hip and pelvis, so the hip joint may not flex to 90◦. The motion

becomes possible with a 20◦ posterior pelvic tilt and 55 to 70◦ hip flexion with a

decrease in LL [84, 83]. This motion will lead to a decrease in SS while PT and AA

increase. If for any reason, pelvic tilting is restricted, the hip joint must compensate

for the lack of pelvic tilt in this motion. A person’s ability to achieve an effective

pelvic tilt may change for various reasons (e.g., aging, spinopelvic measures, spine

stiffness, pain). This change will result in a different pattern of motion in the lower

limbs, specifically in the hip joint, which can increase the risk of impingement or
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dislocation.

According to the classification by Lum et al, if a patient has a normal spinopelvic

motion in a stand to sit motion, the sacrum should have the ability to tilt posteriorly,

followed by a simultaneous decrease in LL and increase in AA, which all together

change the posture from standing to sitting [85]. If the spine becomes stiffer because

of, for instance, spinal fusion surgery, then the sacrum loses its ability to tilt effectively,

which may cause articular impingement or dislocation. In contrast, with a hyper-

mobile spine, the risk of impingement decreases [6].

Sharma et al. defined the hip-spine relationship according to spinal mobility,

deformity, stiffness, and range of pelvic tilt [96]. They have identified five categories

of patients, and proposed a specific implant inclination and anteversion for each

category. Their research suggests that patients with a spinal deformity characterized

by a posteriorly tilted pelvis at standing posture have the highest risk of dislocation

after THA.

In a more recent hip-spine classification for THA, Vigdorchik et al. described how

to use this classification as a tool to improve the outcome of THA surgeries through

preoperatively evaluating patients to determine their spinopelvic mobility [21]. They

considered two major features of spinal alignment: spinal deformity and spine stiffness.

The magnitude of “PI-LL” is used as the criterion to categorize patients with normal

alignment or spinal deformity. In addition, the change in SS slope from standing to

sitting position has been used to identify stiff spines (Figure 2.4). The outcome of

this classification is the applicable treatment advice based on different spinal types.

They have proposed functional anteversion and inclination, with different values

than those of the “static safe zone” proposed earlier. Vigdorchik et al. reported a

two-year post-surgery follow-up, in which 97% of patients experienced no dislocations
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Figure 2.4: Classification of hip-spine according to spinal alignment and mobility
whereas ∆SS is defined as the change in SS slope from standing to sitting position
[21]

.

following THA adapted to meet their specific spinopelvic mobility in accordance with

the new classification system. In the control group, 84% of patients experienced no

dislocations [22].

2.3.4 Spine Stiffness and Fusion Surgery

The main reason reported for changes in spinal stiffness is spinal fusion surgery

[10, 9, 97, 98, 99, 100]. Bedard et al. [101] investigated the high rates of hip

dislocation following THA surgery after spinal deformity surgery. They reported

abnormally high hip dislocation rates when THA was concurrent with spinal fusion

surgery: in about 20% of patients in their institution and 8% in a national data base.

Although they reported this higher rate, they did not identify the exact underlying

mechanism. In another study, Eneqvist et al. [102] investigated the outcomes of THA

surgeries for those with lumbar surgeries prior to THA. They concluded that a clear

relationship exists between prior lumbar spine surgeries and less-favourable THA

outcomes than expected, a fact that might be included in surgery planning for THA.
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Not only have prior fusion surgery affects on THA been identified, as demonstrated

in [102] and [101], but also the order of these surgeries is important as well. As the

importance of the spine becomes clearer in THA surgeries, researchers have started to

investigate the timing and order of fusion and THA surgeries as a source of insights

into the as yet undetermined mechanisms of high hip dislocation rates in those with

spinal fusion [103, 104]. When fusion results in a fixed spinal alignment [19] or

involves the sacrum and some levels of the lumbar spine, the risk of impingement will

increase as a result of this excessive spinal stiffness [105]. In addition, patients with

spinal deformity are reported to be at higher risk of dislocation [106, 101, 21]. Besides

spinal fusion surgery or deformity, different spinal shapes or spinopelvic measures

affect spinal movement, as discussed in some research [13, 14, 10]

Patients can have a stiff spine even without fusion surgery. Vigdorchik et al. [98]

included this category of patients as well, considering patients with limited lumbar

flexion (stiff spines). With this criterion, they showed that the majority of patients

with a stiffer spine have not had prior fusion surgery. This finding is not in contrast

with the hypothesis of stiffer spine as a result of fusion surgery, but rather expands

the definition of spine stiffness. In fact, patients with prior fusion surgery should be

considered as certain candidates to have stiffer spines, but Vgdorchik et al. [98] have

shone light on the previously ignored fact that a majority of patients found to have

spinal stiffness have not had fusion surgery.

Individuals with stiffer spines for any of the reasons discussed (i.e., spinopelvic

abnormalities, spinal fusion surgery, aging) will experience different spinal dynamic

behaviors during daily activities such as sit-to-stand motions. For these cases, some

surgeons will consider a modification in the implant position and orientation to include

the effect of the stiffer spine. However, as yet, they have no numerical validation
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as to how this modification will affect the final outcome. Even with the recent

guidelines suggested by Vigdorchik et al. [21], patient-specific outcome prediction

with a modification in the anteversion and inclination of hip implants can not be

numerically accurate and must be evaluated experimentally. One possible solution

for this knowledge gap is using a predictive model that can include all the parameters

capable of altering the outcome of THA. The advantage of modeling approaches is

their potential to provide numerical insights for surgeons in a predicted dynamic

motion that go beyond the insights given by static X-rays alone. Also, FDA supports

using computational models to improve medical devices performance [107]. In fact,

with a patient-specific predictive model, surgeons may be able to change the stiffness

factors and see their effects on lower limb dynamic motion instead of using general

categorization and treatment advice as discussed in [98, 21]. We discuss this in details

in Chapter 5.

2.3.5 Summary and Discussion

In summary, while research has explored the effects of spinopelvic relationship and

spinal stiffness on total hip arthroplasty, the precise underlying mechanism remains

unclear. Given the discussed parameters, each individual exhibits distinct hip range

of motion and dynamic behavior during various motions, underscoring the critical

need for dynamic motion and hip impingement analyses to enhance surgical planning

effectiveness. This highlights the significance of surgeons having access to dynamic

analysis rather than relying solely on static X-rays.

To offer a perspective on current clinical research and the various considerations

addressed in the literature, we have compiled a summary of the reviewed material in

Table 2.1. This table includes different spinopelvic measures, levels of spinal stiffness,
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and examinations of spinal fusion surgeries from various studies. Additionally, we

provide details about the methodology employed in each study along with its key

highlights.

Table 2.1: Overview of clinical research on spinal stiffness and spinopelvic relationship
effects on lower limb dynamics and THA surgery outcomes

Ref Criteria Methodology Highlights
[11] Spinal deformity,

Spinal fusion,
PT, PI-LL

Review

• Long spinal fusion (multiple levels) is considered.

• Sagittal imbalance of the lumbar spine (PT>25◦;
PI-LL>10◦) is clarified.

• Patients are categorized based on sitting and
standing lateral lumbar radiographs.

[108] Spinal deformi-
ties, PT

Conceptual
study and
surgical
recommen-
dations

• Spinal deformities can restrict lumbar ROM and
increase pelvic tilt.

• Pelvic tilt caused by scoliosis should be mea-
sured.

• In the case of deformity, spinopelvic measures
are more important than the classic safe zone.

[91] PI, PT, SS, LL,
TK, SVA

Radiographic

• Lumbar spine mobility affects acetabular orien-
tation during postural change.

• Thoracic measures are not related to pelvic in-
clination changes.

• Patients with low spinal mobility are identified
as dislocation candidates.

Continued on next page
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Table 2.1 – Continued from previous page
Ref Criteria Methodology Highlights
[13] PI Systematic

review
• Sagittal pelvic kinematics affect dislocation risk.

• Patients are classified based on spine and hip
relationships.

• The correlation between PI and THA outcome
is introduced.

[12] Spinal fusion,
Aging, Spinal
imbalance, SS,
Ante-inclination

Radiographic

• Pre- and post-operative X-ray images were com-
pared.

• Patients with biological or surgical spinal fusion
are at higher risk for dislocation.

• Dynamic movement analysis is recommended to
validate the results.

.
[10] Spinal fusion,

Spinal imbalance
Review

• Spinal balance can change THA outcomes.

• The exact mechanism of how spinal imbalance
affects THA is still not answered.

• A conceptual framework has been presented as
a guideline for THA surgery.

.
Continued on next page
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Table 2.1 – Continued from previous page
Ref Criteria Methodology Highlights
[9] SS, PI, Spinal

imbalance, Ante-
inclination,
Pelvic femoral
angle

Conceptual
study and
surgical
recommen-
dations

• Normal standing to sitting motion happens with
55◦ to 70◦ of hip flexion and 20◦ of posterior PT.

• The main cause of abnormal standing to sit
motions is decreased PT due to spinal or hip
stiffness.

• Ideal cup positioning is suggested for patients
categorized as having normal, stiff, kyphotic, or
hypermobile spinopelvic mobility.

[10] Spinal deformity,
Spinal fusion,
PT, LL, SVA,
PI-LL

Review

• Dislocation risk increases in patients with defor-
mity or prior fusion.

• Spinal alignment can change THA outcomes,
but the exact mechanism remains uncertain.

[19] Spinopelvic
alignment, SS,
LL, Proximal
femoral angle,
Acetabular inc
and ant

Retrospective
analysis

• Less spine flexion, less change in pelvic tilt,
more hip flexion from standing to sitting were
reported in patients who experienced dislocation
after THA.

• Fixed spinopelvic alignment increases the risk
of hip dislocation.

Continued on next page

34



Table 2.1 – Continued from previous page
Ref Criteria Methodology Highlights
[14] Spinopelvic mo-

bility, PT, LL,
AA

Conceptual
study and
surgical
recommen-
dations

• A categorization has been proposed based on
different spinopelvic mobilities: normal, stiff,
hypermobile, fused, stuck standing, and stuck
sitting.

• Implant positioning based on spinopelvic mobil-
ity recommended.

[109] SS, LL, APPt Systematic
review

• Common terminology and simplified spinopelvic
relationships are summarized.

• Patient-specific and functional safe zones using
dynamic spinopelvic relationships are recom-
mended.

[96] SS, APPt, PT Systematic
preopera-
tive work
up

• Patients are categorized based on spinal mobility,
deformity, stiffness, and range of pelvic tilt.

• Patients with flat back deformity are determined
to have highest risk of hip dislocation after THA

.
Continued on next page
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Table 2.1 – Continued from previous page
Ref Criteria Methodology Highlights
[110] Functional com-

ponent anterver-
sion (FCA), PT

Retrospective
analysis

• Relationships between severity of lumbar disk
degeneration (not fusion) and PT and FCA are
evaluated.

• To maintain sagittal balance, PT changes dif-
ferently in patients with severe lumbar spinal
degeneration (more posterior tilt in standing
and anterior tilt during gait).

• This change in PT significantly changes the
FCA, increasing the risk of impingement.

[111] PT, SS, APPt,
FPP

Conceptual
study and
surgical
recommen-
dations

• Simplified hip-spine relationship is introduced,
and patients are categorized based on definitions
of normal and abnormal hip-spine relationship.

• A conceptual algorithm for THA is proposed,
and fusion surgery timing is discussed.

[21] SS, PI-LL, APP,
Spinal fusion

Radiographic
analysis
and sur-
gical
recommen-
dations

• A hip-spine categorization of patients is pro-
posed considering spinal stiffness and alignment.

• Different levels of fusion are considered.

• Modified inclination and anteversion are sug-
gested for four groups: normal mobility with
normal alignment, stiff spine with normal align-
ment, normal mobility with spinal deformity,
stiff spine with spinal deformity.

Continued on next page
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Table 2.1 – Continued from previous page
Ref Criteria Methodology Highlights
[112] PT, PI-LL, LL Radiographic

analysis
and sur-
gical
recommen-
dations

• Anterior and posterior impingement are evalu-
ated for patients with different lumbar flexion,
PI-LL, and pelvic mobility.

• The patients with highest risk of dislocation
are those with degenerative spinal disease and
adverse pelvic mobility.

[20,
97,
102,
105,
108,
113,
114,
115];

Spinal fusion Retrospective
analysis

• Spinal fusion surgeries increase THA complica-
tions and dislocation risk [113, 97, 108, 102].

• Dislocation rates are higher for those with 3 to
7 levels of fusion than those with 1 to 2 [97].

• Four spinal diseases are included: lumbosacral
spondylosis; lumbar disk herniation; acquired
spondylolisthesis; degenerative disk disease
[108].

• The order of surgeries has not been studied [113,
97].

• Short and long fusions are included [113, 97].

• Surgery sequences are studied. Prior fusion
surgery leads to more THA complications than
fusion surgery after THA [104].

• Sacrum inclusion in fusion surgery increases the
risk of dislocation in THA [105].

• Patients with prior fusion surgery had worse
THA outcomes. Levels of fusion were not in-
cluded in the study [115].
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Figure 2.5: A break down on the reported spinopelvic metrics and spinal fusion
factors that cause spine stiffness in the literature

Table 2.1 summarises spinopelvic measures, spinal fusion, method of study, con-

tributions, claims, and highlights in the literature. As shown in Figure 2.5, here is

the breakdown of reported factors for spine stiffness:

Spinopelvic Measures:

• Pelvic Tilt (PT) and Sacral Slope (SS): These are the most commonly cited

metrics (30%) influencing spine stiffness. Surgeons typically assess the variation

between standing and sitting values of these metrics to determine the rigidity

of the spine. A change of less than 10 degrees (∆PT or ∆SS < 10◦) suggests a

potential instance of spinal stiffness.

• Pelvic Incidence (PI) and Lumbar Lordosis (LL): Pelvic Incidence itself is a

biological individual constant and could not be a good indicator of a potential

stiff spine case (only 5% citation). But the correlation of PI and LL (PI−LL) is

an important metric evaluating the saggital balance and spinopelvic alignment.
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The prevalence of these metrics are 18% in the literature.

Spinal Fusion Factors and Spine Stiffness:

Spinal fusion, deformity and imbalance are reported to play a crucial role in spine

stiffness. There are several consideration that needs to be reviewed to understand

the factors that are affecting spine stiffness for those who experience spinal fusion:

• Instrumentation and Fusion Levels: The choice of fusion levels and the type

of instrumentation used in spinal fusion surgeries significantly affect spine

biomechanics. Longer fusion constructs tend to alter the natural mobility of

the spine.

• Implant Material and Design: The material and design of spinal implants play

a crucial role in stabilizing the spine post-fusion. Factors like rod diameter,

screw size, and interbody cages influence spinal stiffness.

• Degree of Fusion: Achieving solid fusion is essential for spinal stability. Incom-

plete fusion can lead to instability and contribute to spinal stiffness.

• Patient-specific Factors: Individual patient factors, such as age, bone density,

and pre-existing spinal conditions, can influence the success of fusion and

subsequent spine stiffness.

• Complications and Adjacent Segment Disease: Complications arising from

fusion surgery and the development of adjacent segment disease can impact

spinal biomechanics, potentially leading to stiffness.

Traditional approaches [25] often neglect these factors when optimizing implant

positions, resulting in inadequate guidance for surgeons regarding safe implant po-

sitioning zones. While clinicians are beginning to recognize these factors [21], the

precise mechanisms by which they influence spine stiffness remain unclear and war-

rant further investigation. To address this, a computational approach, particularly
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predictive motion simulation, can prove invaluable in achieving optimized implant

positioning while taking these factors into account. In the following section, we review

the literature on musculoskeletal modeling approaches, detailed spine modeling, and

computational methods for optimizing cup implant positioning.

2.4 Musculoskeletal Modeling and Simulation of

Human Motion

In order to study the human musculoskeletal system, musculoskeletal simulations

employ computer-generated models and mathematical models. These models include

intricate depictions of bones, muscles, joints, and soft tissues, making it possible to

replicate a variety of actions, from simple daily motions like reaching and walking

to more difficult activities like playing sports or undergoing surgery [116, 117]. The

aforementioned studies offer valuable perspectives on the biomechanical components

that underlie human locomotion, encompassing muscle activation patterns, joint

forces, and energy consumption. Through the study of the complex interactions that

exist between the musculoskeletal system and its surroundings, scientists can create

novel strategies that improve human health and function.

Musculoskeletal simulations can be classified into two main categories [117]. The

first group includes experiment-driven models that depend on measurable external

factors like ground reaction forces and experimental data like kinematic details. Fully-

predictive simulations fall into the second group; they produce motion through an

optimal control without requiring experimental data. According to predetermined

optimization cost functions, such as decreasing energy consumption, lowering stress

levels, or limiting fatigue, motion is predicted in fully-predictive simulations [118, 119].
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The fully-predictive approach is the only one used in this thesis. Thus, we present

a summary of previous studies in this field in this section. Furthermore, in order

to make it easier to analyze how the dynamics of lower limbs are affected by a stiff

spine, our human model has detailed spine components. We first briefly review the

literature on spine modeling approaches (Section 2.4.1), and then we look at studies

on full-body predictive models (Section 2.4.2) . In our investigation of human motion,

we primarily concentrate on the sit-to-stand action, for which in Section 2.4.3 we

present an analysis of sit-to-stand motion models followed by hip biomechanics and

impingement analyses review in Section 2.4.4.

2.4.1 Approaches to Spine Modeling

Biomechanical modeling is pivotal in providing surgeons with predictive tools for

surgical planning. In this section, we focus on spine modeling, which primarily involves

two categories: Finite Element Method (FEM) models and multibody models. An

understanding of the musculoskeletal intricacies of the spine is fundamental for

accurate modeling. This encompasses knowledge of the vertebrae, muscles, ligaments,

facet joints, and intervertebral discs—integral components that collectively determine

spinal function throughout its diverse regions.

Spine Elements: Features and Modeling

Vertebrae, the rigid elements of the spine, exhibit diverse structures in different

spinal segments, corresponding to their distinct functions [120]. These vertebral

structures enable the spine to distribute weight effectively [121]. Facet joints connect

adjacent vertebrae and govern spinal movements [122]. Intervertebral discs located
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between vertebrae contribute to spinal flexibility, allowing bending and twisting in

multiple directions [121, 122, 123]. While intervertebral discs primarily provide spinal

mobility and flexibility, other components like ligaments and muscles also contribute.

Ligaments serve as passive elements that maintain structural integrity and promote

spinal stability [124].

Each segment of the spine can be modeled using various methods. For instance,

vertebrae, as the fundamental units of the spine, can be modeled using the Finite

Element Method (FEM) or musculoskeletal modeling [125]. In contrast to FEM, which

focuses on stress relationships within segments, musculoskeletal modeling adopts a

multibody approach that emphasizes motion and intersegmental loads. The lower

number of degrees of freedom in multibody models leads to shorter computational

times. In this method, each vertebra is treated as a rigid body [120]. The lumbar

spine is modeled with individual vertebrae, while the thoracic and cervical regions can

be modeled either as separate vertebrae or lumped together. If the thoracic part is

considered a single rigid body [126], it may increase spine stiffness, potentially affecting

upper spinal loading without significantly impacting lower spine load predictions

[127, 128].

In multibody musculoskeletal modeling, intervertebral discs and facet joints,

responsible for connecting vertebrae and facilitating spinal flexibility, are represented

as joints. To capture all rotational degrees of freedom in the spine, spherical joints

are commonly employed in the modeling. Muscles and ligaments, serving as active

and passive elements, respectively, are included to enable the computation of reaction

forces at spherical joints [125]. In the FEM approach, muscles are often omitted, but

in the multibody approach, Hill-type modeling [129] is frequently used to represent

muscles and ligaments. In this approach, muscles are modeled as active contractile
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elements with passive elastic springs [120]. Nonlinear springs can accurately represent

ligaments due to their property of exerting force only when stretched [125]. Another

approach is to use deformable beams as connecting elements, which not only provide

reaction forces and moments but also determine the overall stiffness of the spinal

complex. All these modeling approaches have been developed to predict spinal loads,

aiding surgeons in surgical planning.

Finite Element Method in Spine Modeling

There are two general approaches to modeling the spine: dynamic-based multibody

modeling and Finite Element Method (FEM) modeling. FEM involves the analysis

of structures, such as the spine. Both approaches yield outputs like disc pressures

[130, 131] and facet joint contact forces [132]. Shojaei et al. [133] introduced an FEM

model of the spine that includes a nonlinear finite element representing the spine, with

thoracic vertebrae grouped together but each lumbar vertebra modeled individually.

Lumbar stiffness is represented by six deformable beams, incorporating nonlinear

stress-strain and moment-rotation relationships in all three directions. Additionally,

56 muscles were defined to model connections between vertebrae and between the

spine and pelvis.

Some FEM models have been developed to enhance the efficiency of surgeries, such

as spinal fusion and disc replacement, by simulating surgical options and evaluating

their outcomes [134, 135]. While other FEM models exist, their high computational

cost has sparked interest in using multibody approaches. However, combining both

methods could offer an efficient model for predicting spinal loads and assessing the

impact of spine stiffness on total hip arthroplasty (THA).
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Multibody Modeling of the Spine

Multibody models of the spine have become increasingly precise and complex in recent

years [136]. The predominant approach for spinal modeling has been inverse dynamics

[137]. Analyzing the motion of different body segments and the intersegmental forces

during human motion aligns well with the multibody modeling approach. Common

software packages like OpenSim and Anybody are employed for multibody modeling

of the human [126, 138, 139, 140, 141, 142, 143].

Ode et al. [144] developed a biomechanical model based on multibody dynamics to

determine the forces exerted between the vertebrae in the spine. This model calculates

these forces through inverse dynamics, utilizing kinematic data gathered from walking.

To transform this data, which is initially captured in absolute coordinates by optical

sensors, into relative joint coordinates, an optimization process is employed. This

conversion is essential for estimating the forces and torques at the joints. De Zee et

al [139] developed a lumbar spine model using Anybody, incorporating 154 muscles

and 18 degrees of freedom. This model encompasses seven segments, with a 3-degree-

of-freedom spherical joint connecting each vertebra. An artificial segment with zero

mass and inertia was introduced to account for intra-abdominal pressure effects.

The model, based on inverse dynamics, resolved the muscle redundancy problem

through an optimization method. Certain muscles, like the intratransversarii and

interspinalis, were excluded from the model. Additionally, force-length and force-

velocity relationships for muscles were not included. The model could generate a

maximum extension moment of 238 Nm, and it could calculate the pressure between

L4 and L5. Han et al. [126] augmented the model by adding short muscles, while

also incorporating ligaments and disc stiffness into the lumbar region. This model

predicted the highest flexion force in the longissimus muscle, and in extension, the
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rectus abdominis muscle generated the maximum force. For lateral bending and

axial rotation, the psoas major was predicted to produce the maximum force. This

study highlighted the significance of including a complete set of ligaments and

muscles. Recognizing this importance, Bayoglu et al. [143] developed a more detailed

musculoskeletal model of the spine, considering additional muscles. This model

encompassed 60 segments and 193 degrees of freedom, accounting for vertebrae,

ribs, sacrum, sternum, and pelvis in the spine. Additionally, it included segments

like clavicle, hyoid, thyrohyoid, scapula, and humerus without mass properties. To

represent the connections between the pelvis, spine, and upper limb, 351 muscle-

tendon elements were used, representing 49 muscles. The model incorporated stiffness

properties for intervertebral discs, facet joints, and ligaments using a lumped stiffness

model with linear torsion springs. This model accurately predicted intervertebral

pressure, aligning well with previous studies. Based on inverse dynamics, muscle

forces were calculated to minimize muscle fatigue. However, some limitations existed,

such as the exclusion of ligaments and the addition of their stiffness properties to

the joints. Additionally, the use of spherical joints restricted translational degrees of

freedom, which may impact joint reactions and muscle forces [145, 146]. Force-length

and force-velocity relationships for muscles were not considered, and a simple muscle

model was utilized. Furthermore, none of the previous detailed musculoskeletal models

incorporated the lower limb and connecting elements, leaving a gap in understanding

the effect of spine stiffness on lower limb dynamics.

Modeling Simplifications

Simplifications in modeling (e.g., characteristics of structural elements and lumped

representations of different structures) impose constraints on detailed biomechanical
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modeling of the human spine. Ghezelbash et al. described the impact of some

simplifications in modeling and different joint positioning on the accuracy and validity

of results [147]. Two types of spine modeling were considered in this research. The

first model employed multibody modeling of the spine with spherical joints, including

rotational springs between the joints representing spine stiffness. This model was also

considered without springs. In the other model, deformable beams were employed as

connection elements in spine modeling. This model included both linear and nonlinear

beams for stiffness representation [148]. Both of these models were compared with

a detailed FEM model [149], and the accuracy and validity of both were assessed.

Results were evaluated by introducing an offset ranging from -2 to 4 mm in the joints.

The kinematics of the models were compared with the FEM model, and the spinal

loads were compared to in-vivo experimental data [150]. The results indicated that

considering nonlinearity in models with spherical joints and deformable beams led to

acceptable accuracy in predicting spinal loads and kinematics. However, the model

with spherical joints could not accurately predict axial displacement due to limitations

in that direction. Models with linear properties in connecting springs were unable to

provide accurate results and imposed limitations, including excessive flexion angles

beyond 30 degrees and high external loads. Additionally, some simplifications, such

as neglecting rotational springs, led to overestimation of compression and shear forces

[147].

2.4.2 Predictive Human Musculoskeletal Simulations

Predictive musculoskeletal simulation is a method that avoids depending on exper-

imental data to predict motion. In such method, we assume that human motion

naturally optimizes aspects like energy use, performance, or effort, or any combination

46



of these, as described by Norman et al. [151]. One advantage of predictive simula-

tions is their ability to study ”what-if” scenarios over a wide range of situations, as

explained by [118, 152, 153, 154]. For example, prior to carrying out any real surgical

procedures, these simulations allow studies into various implant placements and the

optimal results, including reaching maximum joint stability.

In spite of this, predictive modeling is fraught with difficulties that are caused

by restrictions on the data that can be used, such as the absence of essential inputs

such as kinematic data and ground reaction forces. The lack of available data in this

context makes the conclusions particularly susceptible to the assumptions used to

determine optimality, as emphasized by Dembia et al. [155] in their study on OpenSim.

It gets even more complicated when trying to define a suitable cost function; you

have to choose one that fits each person’s particular situation. The cost function

used for an elderly senior, for example, can be very different from the one used for a

young athlete performing the same exercise, like the sit-to-stand motion. Commonly

used cost functions seek to decrease factors such as joint torque, muscle activation,

produced power, reaction force, and jerk.

In the following part of this chapter, we narrow down the review to sit-to-stand

motion, which is employed in this thesis to research the biomechanics of the hip joint

after THA affected by spine stiffness by employing a predictive human model that

incorporates a detailed spine. Readers interested in a more in-depth investigation

of predictive simulations for human movement are encouraged to read the complete

evaluation that was written by Febrer et al. [118].
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2.4.3 Sit-to-Stand Motion Simulations

Sit-to-stand motion has diverse applications, from assistive robot design to addressing

movement disorders [156, 157] and developing rehabilitation exoskeletons [158, 159,

160, 161, 162]. This thesis places particular emphasis on understanding the mechanics

of hip joints and how spine stiffness influences lower limb biomechanics, given its

crucial role in daily activities [163]. It is noteworthy that sit-to-stand motion has

been identified as a routine activity that may pose a risk of hip dislocation in patients

following THA surgery [164].

Modeling sit-to-stand motion often assumes symmetrical sagittal plane motion,

leading to the development of multi-link systems. The three-link model, comprising

segments for shanks, thighs, and the trunk connected via hip, knee, and ankle

joints, is widely used for predicting sit-to-stand motion [151, 165]. However, for

specific conditions, especially in older adults or those with a rigid spine, it has been

demonstrated that incorporating more detailed upper limb components, such as the

spine and arms, is crucial. As a result, more intricate models have been developed,

encompassing upper and lower arms, the torso, thighs, shanks, and feet to account for

the influence of lumbar and torso joints on sit-to-stand motion [136, 157, 166, 167].

Predictive simulations present challenges in defining an appropriate cost function

that accurately represents human body optimization for a specific movement, along

with establishing precise initial conditions. Researchers have explored various cost

functions in predictive simulations. Some are based on kinetic metrics like torque,

force, and energy, while others focus on minimizing kinematic factors like jerk and

joint angular velocity. Typically, a combination of these factors is used in a cost

function to achieve accurate predictions [168, 167]. These functions aim to achieve

accurate predictions of sit-to-stand motion by considering factors like torque, force,
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energy, jerk, and joint angular velocity.

While the majority of studies have focused on predicting sit-to-stand motion in

healthy adults, limited research has been conducted for individuals with impaired

conditions. Previous models predominantly employed torque-driven muscle models.

Notably, recent work emphasizes the importance of incorporating nonlinear muscle

and ligament properties [166], especially for older adults. Additionally, the impact of

different spinal conditions, such as a stiff or fused spine, on lower limb mechanics was

largely overlooked in prior models, representing additional limitations in this area of

research.

2.4.4 Hip Biomechanics and Impingement Analysis

Research on the biomechanical aspects of the hip joint during various daily activities

has been a subject of recent investigation, often employing computer simulations.

Musculoskeletal models play a crucial role in quantifying the biomechanics of hip joint

during daily tasks like walking and sit-to-stand motion. Studies have demonstrated

that both scaled generic and subject-specific models [169, 170, 171, 172] have provided

reasonably accurate predictions. It’s important to note that factors like hip and

implant shape and the choice of musculoskeletal model significantly influence the

results. Incorporating more complex elements such as muscle wrapping and subject-

specific data has demonstrated the potential to enhance prediction accuracy by

approximately 30% [169].

Ensuring the correct placement of the cup is widely acknowledged as a crucial

factor in reducing the risk of implant impingement and following hip dislocation

[24]. However, the Lewinnek safe zone guideline [25], though widely accepted, has
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shown limited correlation with the actual risk of hip dislocation, as indicated by

several studies that we reviewed in Section 2.3.2. This discrepancy can be attributed

to the guideline’s failure to account for individual characteristics like pelvic tilt

and spine stiffness. Therefore, it is imperative to prioritize the development of

innovative, subject-specific approach that can effectively address post-THA challenges,

ultimately improving THA outcomes. Existing literature has predominantly focused

on investigating factors contributing to hip dislocation during sit-to-stand movements,

given the frequency of this action in daily activities [163]. Additionally, it’s worth

noting that hip dislocations after THA often occur during sit-to-stand motion [164,

173].

Computational models have emerged as powerful tools in predicting impingement

risks and optimizing implant orientations. Finite Element Analysis (FEA) has become

a widely accepted method for examining implant impingement in THA. This analytical

approach has been employed to study various aspects influencing THA outcomes,

including acetabular component alignment and implant design [174, 175, 176]. Recent

research has explored various aspects of impingement and dislocation in Total Hip

Arthroplasty (THA) surgeries. One critical aspect involves predicting dislocation

stability for different positions of prosthetic components across various activities.

Three-dimensional finite element (FE) models have been proposed to evaluate the

range of movement (ROM) and maximum resisting moment (RM) until dislocation,

thereby establishing a ”safe zone” for impingement and dislocation avoidance [177].

However, since these studies rely on FEA or force plate measurements, they may

not be immediately suitable for clinical applications due to their time-consuming,

complex, or expensive nature.

To gain an understanding of pelvic tilt and spine stiffnesss throughout the entire
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range of motion, a dynamic simulation becomes essential. Various methods have

been proposed to account for the variability in pelvic tilt when determining optimal

orientations for impingement-free cups in functional cup alignment [178, 179, 89, 180].

These techniques allow for an examination of the effects of implant component

placement, including femoral antetorsion or combined anteversion, as well as prosthesis-

specific factors like head/neck ratio and cup and neck design, on the unrestricted range

of motion of the hip joint, free from impingement. Another crucial consideration

revolves around the orientation of prosthetic components. Research efforts have

focused on determining optimal orientations for both cups and stems, taking into

account factors such as anteversion, neck-shaft angles, prosthetic head size, and

target ranges of movement [181]. Moreover, the type of implant system used in THA,

including short hip stems and hip resurfacing, can impact the range of motion and

the likelihood of impingement [182]. Investigating how different implant designs affect

impingement-free ROM is therefore crucial. Further insights into THA impingement

have emerged from studies examining the interplay between cup and stem anteversions

during hip motion. These studies reveal distinct effects of cup and stem anteversions

on the position of the femoral head within the acetabular liner during various

activities, underscoring the significance of considering both components for an accurate

assessment of hip motion [183].

However, these kinematic methodologies primarily focus on studying the relative

movement between the femur and pelvis to predict impingement, while neglecting

the influence of overall body motion dynamics, particulary spine stiffness. It has

been reported in the literature that spine stiffness and spinal fusion are critical

factors in obtaining optimal implant positioning for such patients. As discussed

in Section 2.3.2, clinical evidence indicates that spinal stiffness affects pelvic tilt
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and hip range of motion, thereby increasing the likelihood of impingement. lumbar-

pelvic stiffness and sagittal imbalance have been identified as factors contributing

to dislocation. To address this concern, new mathematical algorithms have been

proposed to determine patient-specific safe zones for THA components. These

algorithms integrate standing and sitting sagittal pelvic tilt to optimize implant

orientations and prevent impingement [184, 182]. Several studies have explored

additional sources of hip dislocation, such as bony coverage [185], bony impingement

[186], edge-loading [187], and wear [188], to ascertain the optimal cup orientation.

However, there’s still a pressing need for a modeling platform capable of accurately

predicting the motion of pelvis and femur during a dynamic analysis of the entire

body, while also considering the influence of a flexible spine.

2.4.5 Conclusion

In conclusion, musculoskeletal modeling and simulation have revolutionized our

understanding of human motion and its biomechanical intricacies. Through computer-

generated models, researchers have been able to replicate a wide range of movements,

shedding light on muscle activation patterns, joint forces, and joint ROM. These

simulations have not only deepened our comprehension of human movement but

also paved the way for novel strategies to enhance human health by optimizing

surgery procedures like THA. Moreover, advancements in predictive simulations offer a

powerful tool for studying various scenarios and optimizing outcomes providing patient-

specific recommendation. While challenges persist, such as defining appropriate

cost functions and considering subject-specific conditions, the potential for further

advancements in this field is vast.

In the context of hip biomechanics and impingement analysis, computational
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models such as Finite Element Analysis (FEA) have been instrumental in assessing

impingement risks and optimizing implant orientations. However, there remains

a need to improve this analysis by considering the dynamics of human motion,

accounting for factors like spine stiffness. This approach has the potential to offer

a more accurate representation of human motion, with significant implications for

Total Hip Arthroplasty (THA) surgical planning. Further insights into predictive

simulations and cup implant optimization, considering the effects of spinopelvic

measures, spine stiffness, and spinal fusion, will be detailed in Chapter 5.
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Chapter 3

Automatic Extraction of

Anatomical Landmarks using Deep

Learning Approaches and Patient

Categorization Based on Spinal

Conditions

3.1 Chapter Overview

This chapter presents a physics-informed deep learning method designed to extract

spinopelvic measures from X-ray images. Its performance is assessed against manual

annotations. For this purpose, two datasets, comprising a total of 1470 images,

were collected to evaluate the model’s performance in Section 3.3.3. We propose a
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novel method in Section 3.3.4 of detecting landmarks as objects, incorporating their

geometrical relationships as constraints (LanDet). The model performance and

accuracy of automated measurements are presented in Section 3.4.1, in comparison

with manual annotations (MA) from a PhD student as well as three senior orthopedic

surgeons. To assess model reliability and compare it against surgeons, the intraclass

correlation coefficient (ICC) metric is used in Section 3.4.2. The model demonstrated

better consistency with surgeons, with all values over 0.88, compared to what was

previously reported in the literature. The outcomes of this chapter facilitate the

extraction of critical spinopelvic measures, crucial for pre- and post-THA procedures.

Additionally, the automated approach aids in patient categorization, a pivotal step in

assigning patient-specific spine stiffness parameters for the predictive model discussed

in Chapter 5.

3.2 Introduction

The chapter explores the assessment and prediction of spinopelvic measures, a topic

of much interest in both clinical and research communities [32, 33]. Radiological

examination of the spine and pelvis is crucial for treating hip and spinal disorders

[35, 30, 36]. Machine learning techniques, particularly deep learning, have significantly

improved automated image analysis, finding extensive application in radiology and

identification of spinal disorders [37, 32].

Sagittal spinopelvic balance is pivotal for comprehending spinal deformities,

THA pre-operative planning, and treatment selection, but manual measurements

of spinopelvic factores can be subjective and prone to error [30, 38, 39]. Advanced

AI and deep learning techniques offer promise in automating anatomical measure
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extraction from spine radiographs, potentially enhancing efficiency and accuracy

[45, 41]. Studies have proposed innovative methods utilizing deep learning algorithms

for automated spinal alignment measurement, showing accurate predictions despite

inherent challenges [31, 28, 37], which have been discussed in Chapter 2. However, it

is important to assess their performance, considering variations in image quality and

the presence of hip and spinal pathologies, and compare automated measurements to

manual assessments [30, 31, 28].

This chapter also introduces a novel approach using bounding boxes for landmark

detection, addressing drawbacks of heatmap-based regression. This new deep learning

model not only detects each anatomical landmark as a unique object, but also

establishes a relationship graph between objects as geometrical constraints, enhancing

accuracy in locating landmarks, a challenge of misdetection of adjacent landmarks

reported previously in the literature [31, 29, 44]. Employing this approach proves

advantageous when dealing with near-identical objects, such as the femoral heads,

within a single image. It significantly streamlines the process of locating these

landmarks, along with adjacent spinal landmarks of a similar nature, thereby reducing

overall complexity of detecting required landmarks to calculate spinopelvic measures.

3.3 Materials and Methods

3.3.1 Spinopelvic Geometric Measurements

In this research we targetted five anatomical measures to be extracted automatically,

which are Sacrum Slope (SS), Pelvic Tilt (PT), Pelvic Incidence (PI), Lumbar Lordosis

(LL), and Sagittal Vertical Axis (SVA). As the Figure 3.1 shows, SS is the angle
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between the tangent line to the upper end plate of S1 (connecting line of posterior

and anterior corners) and the horizontal reference line. PT is the angle between the

vertical reference line and the connecting line between midpoint of sacrum upper

end plate and the midpoint of connecting line between the intersection of femoral

head circles (hip axis). Pelvic Incidence (PI) is a morphologic measure defined as the

angle between the perpendicular line to the mid-point of the upper end plate of last

vertebra of the sacrum (S1) and the connecting line of this point to the midpoint of

connecting line between the intersection of femoral head circles [3]. This measure is

defined as an anatomical measure and strictly related to the shape of the pelvis [5].

This measure mostly remains constant in each pelvic posture and it is equal to the

sum of two measures (PT and SS) [6].

Figure 3.1: Main spinopelvic measures in lateral X-ray images, considering both
femoral heads to calculate the center of rotation for the pelvis
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3.3.2 Detection Using Landmarks as Constraint Objects

To automatically extract spinopelvic measures of interest (such as SS, PT, PI, LL,

and SVA), we adopt a landmark detection approach that treats landmarks as objects.

Our method utilizes a deep learning physics-based object detection algorithm, which

overcomes limitations of heatmap-based regression methods, including issues with

overlapping heatmap signals and post-processing requirements (McNally et al., 2021).

In our approach, landmarks are represented as objects with bounding boxes centered

at the landmark coordinates (bx, by) and equal width (bw) and height (bh). Our

labeled dataset comprises 10 classes of landmark objects (ci), including the centers of

femoral heads and the anterior/posterior points of S1, L1, C7 superior end plates,

and L5 inferior end plate. Each label includes the class number and the bounding box

features Ci = (ci, bxi, byi, bwi, bhi). Our deep learning model predicts objects with

varying confidence levels (Fig. 3.2-B), and the object with the highest confidence

is used to extract the desired landmarks. To explain the rationale for considering

constraints between these anatomical landmarks, we can consider the scenario where

a surgeon intends to annotate a lateral X-ray image in order to measure the SS.

When the posterior corner of the superior sacrum end plate is identified, the surgeon

can leverage the predictable relationship within the sacrum as a solid body to

determine the corresponding anterior point. We refer to this relationship as a

geometric constraint, and the same concept has been applied for other landmarks.

Imposing these constraints helps the model not only understand the features of each

object (landmarks) but also enables a holistic understanding of the entire image

and the interrelationships (constraints) among these landmarks. The final detected

landmarks are subsequently used to calculate the desired measurements (Figure

3.2-C).
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Figure 3.2: A: Manual labeling of landmarks and specifying bounding boxes. B:
Extracted landmarks as objects with different confidences, trained model output,
evaluated with the test set. C: choosing the highest confidence for each landmark as
the prediction results and calculation of the spinopelvic measures
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3.3.3 Dataset and Data Preparation

We collected a total of 1,150 lateral spine X-ray images (Dataset 1, DS1) from patients

referred to Grand River Hospital (GRH) in Kitchener, Canada, between 2016 and

2022. Additionally, we incorporated a dataset (Dataset 2, DS2) of 320 lateral lumbar

spine and pelvic images provided by Intellijoint Surgical. Our datasets encompass

different range of cases, including patients with hip or spine implants and images

from both sitting and standing postures. Unlike some other research [31, 30], we

included all images, even those with poor contrast or partial spine visibility. To

address these issues, we employed appropriate image processing filters to enhance

annotation accuracy for parts with high or low intensity. By including partial spine

images, our dataset enables the model to identify anatomical landmarks effectively,

even in incomplete images. The utilization of two distinct datasets enabled us to

evaluate the model’s performance on different data sizes and imaging systems. DS1

consisted of images captured using ordinary X-ray devices, while DS2 utilized the

EOS imaging system. To facilitate training, validation, and testing, we divided the

datasets into sets comprising 80%, 10%, and 10% of the total data, respectively.

A Matlab graphical user interface (GUI) was developed to facilitate image anno-

tation (Figure 3.2-A). In this process, 10 anatomical landmarks (superior posterior

and anterior corners of S1, posterior and anterior femoral heads, inferior posterior

and anterior corners of L5, superior posterior and anterior corners of L1, superior

posterior and anterior corners of C7) are manually annotated in each image using the

GUI. The GUI allows annotators to identify the desired points, which automatically

generates corresponding bounding boxes. For accurate femoral head annotations,

annotators are required to specify three points on the edge of each femoral head.

The GUI then calculates and visualizes the center of the femoral heads based on the
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specified points. The sizes of the bounding boxes are optimized for the best mAP

(i.e., maximum mean Average Precision) value to consider landmarks as objects, set

at 5% of the maximum image size. However, for the femoral heads, the bounding box

sizes vary depending on the size of the femoral head circles. To ensure consistency,

the coordinates and bounding box sizes are normalized to the maximum dimension of

the image, resulting in coordinate values ranging from 0 to 1. The resulting labels are

shown in Figure 3.2-A. Three expert orthopedic surgeons annotated the test dataset

for benchmarking the model’s accuracy. They used the developed GUI mirroring the

actual software’s functionalities, such as zoom and brightness adjustment. Their task

was to mark images as they would pre-surgery, conducting independent validation

without further guidance from us.

3.3.4 Model Architecture

Heatmap-based regression has been widely used in tasks like landmark detection

[29, 30, 31], despite its drawbacks such as quantization error and high computational

requirements [60]. To address these limitations and provide a more efficient alternative,

we introduce a novel approach called LanDet (Landmark Detection). Instead of

relying on heatmaps, LanDet models individual landmarks as objects within a dense

single-stage anchor-based detection framework. Furthermore, the relations between

landmarks are imposed to the detection architecture as geometrical constraints. This

innovative method aims to improve the efficiency and accuracy of anatomical landmark

detection and clinical measurements without the need for heatmaps.

As can be seen in Figure 3.3, our model works by splitting the image into grid

cells; each cell is responsible for predicting bounding boxes, by evaluating whether

or not the center of the bounding box lies in the cell. Anchor boxes enable the
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Figure 3.3: LanDet utilizes a dense detection network denoted as DN that is trained
with the multi-task loss LanDetloss. The purpose of this network is to transform an
input image represented by I into a collection of output grids denoted as Ĝ. These
grids contain the predicted landmark objects represented by Ôl. To obtain potential
detection, a technique called non-maximum suppression (NMS) [60] is employed for
Ôl. The geometrical constraints are applied on these candidate detections to generate
the final predictions for Ôl, which are then be used to calculate desired measures.
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model to predict more than one object in a single cell. Figure 3.3 displays a diagram

illustrating the LanDet pipeline. This pipeline utilizes a deep convolutional neural

network denoted as DN , which takes an input image I with dimensions h× w × 3

and transforms it into a collection of three output grids denoted as Ĝ. These grids

contain the predicted objects denoted as Ô. Each individual grid, denoted as Ĝn,

has dimensions h
n
× w

n
×Na ×No, where n takes on values from the set {8, 16, 32}.

The transformation performed by the deep network can be expressed as the following

equation:

DN(I) = Ĝ (3.1)

Na represents the count of anchor channels, while No corresponds to the number

of output channels for each object. The feature extractor DN follows the YOLO-

style approach [67] and makes effective use of Cross-Stage-Partial (CSP) bottlenecks

[189, 60].

Due to the properties of strided convolutions, the characteristics of an output

grid cell Ĝi,j
n are influenced by the image patch Ip, defined as Ini:n(i+1),nj :n(j+1). Con-

sequently, if the center of a target object (bx, by) lies within Ip, the corresponding

output grid cell Ĝi,j
n is responsible for detecting that object. The effective range of

perception of an output grid expands as n increases, implying that smaller output

grids are more effective at detecting larger objects. The boounding box sizes are set

to be 5% of the maximum size of the image for the landmarks on the spinal part, and

for the femoral heads, the bounding box sizes are equal to the diameter of femoral

cup so that it can enclose that part.

The output grid cells Ĝi,j
n encompass Na anchor channels, which are associated

with anchor boxes An = {(Awa , Aha)}
Na

a=1. To assign a target object O to an anchor

channel, a tolerance-based matching of their respective sizes is employed. This
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approach introduces redundancy, allowing the grid cells Ĝi,j
n to detect multiple objects

and specialize in detecting objects of various sizes and shapes. Moreover, additional

redundancy in detection is achieved by enabling the neighboring grid cells Ĝi±1,j
n and

Ĝi,j±1
n to detect objects within the same image patch Ip [190, 191].

Loss Function

To introduce the relations between each landmark to the model, we modified the

main object detection loss function to incorporate the geometric constraints. A set

of target grids G is created, and a multi-task loss function LanDetloss is employed

to train the model to learn various aspects, including the objectness p̂o (represented

by lobj), the intermediate bounding boxes t̂ (lbox), the class scores ĉ (lcls), and the

intermediate constraint satisfaction r̂ (lcnst). To compute the loss components for a

single image, the following procedure is followed:

LanDetloss = lbox + lobj + lcls +
k∑

i=1

wi.lcnst (3.2)

where k is the number of defined constraints and wi are the weights for each of the

constraints. the components of this loss function are defined as followed:
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lobj =
∑
n

1

num(Gn)

∑
Gn

BCE(p̂o, po · IoU(t̂, t)) (3.3)

lbox =
∑
n

1

num(O ∈ Gn)

∑
O∈Gn

(1− IoU(t̂, t)) (3.4)

lcls =
∑
n

1

num(O ∈ Gn)

∑
O∈Gn

BCE(ĉ, c) (3.5)

lcnst =
∑
n

1

num(O ∈ Gn)

∑
i∈Oli

∑
j∈Olj

fc(r̂ij, rij) (3.6)

where BCE (binary cross-entropy), and “intersection over union” IoU (measures the

overlap between the predicted bounding box and the ground truth bounding box

[192]), are crucial elements and defined as follows:

BCE(c, ĉ) = − (c · log(ĉ) + (1− c) · log(1− ĉ)) (3.7)

IoU =
Area of Intersection

Area of Union
(3.8)

Furthermore, fc denotes a regression-based function that characterizes the cor-

relation among landmarks. These constraints pertain to the interrelations between

landmarks on the same spinal vertebrae, as well as the Pelvic Incidence (PI) mea-

sure. As explained in Chapter 1, PI is a geometric constant unique to each patient,

remaining invariant even with changes in posture. For any angular constraint (e.g.,

PI), fc represents a cosine similarity function and for the distance constraints (e.g.,

anterior and posterior corners of each vertebra), fc represents the absolute distance

loss. When Gi,j,a
n represents a target object O, the value of the target objectness po is
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determined by multiplying it with the IoU score to encourage specialization within

the anchor channel predictions [67]. Conversely, when Gi,j,a
n does not represent a

target object, po is set to 0. Practical implementation involves applying the losses to

a batch of images using batched grids. The total loss LanDetloss is computed as a

weighted sum of the loss components, scaled by the batch size nb:

LanDetloss = nb(λobjlobj + λboxlbox + λclslcls + λcnst

k∑
i=1

wi.lcnst).

where each λ is the weight for the corresponding loss measurement.

3.3.5 Experiments

The LanDet model underwent training and testing on three distinct datasets: DS1,

DS2, and their combined set. This evaluation was performed both with and without

the incorporation of physics-informed constraints. The model’s performance was

assessed using the metrics outlined in Section 3.3.6, and the results were compared

against each other as well as against state-of-the-art methods detailed in Section

3.4.1.

For implementation, PyTorch 2.0 was employed, with most hyperparameters

inherited and fine-tuned from [193]. All models were trained for 300 epochs using

stochastic gradient descent with Nesterov momentum [194], weight decay, and a

learning rate decayed over a single cosine cycle [195], with an initial 3-epoch warm-up

period [196]. The input images were resized and padded to 640×640 while preserving

the original aspect ratio. Data augmentation techniques during training encompassed

mosaic [197], translations, horizontal flipping, and scaling. The models were trained

on a Geforce RTX-4070Ti GPU with 32 GB of memory, employing batch sizes of 32.
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Validation was conducted after each epoch, preserving the model weights that yielded

the highest validation Average Precision (AP).

3.3.6 Model Performance and Evaluation Metrics

To evaluate landmark detection as objects, mean Average Precision (mAP) was

used. The calculation of mAP involves several metrics and components, including

intersection over union (IOU), precision, recall, precision-recall curve, and average

precision (AP). To assess the accuracy of the model predictions, we employ the

relative root mean square error (RRMSE) to compare the predicted values (PR) with

the manual annotation labels (MA). The RRMSE is computed using the following

equation:

RRMSE =

√
1
N

∑N
i=1(yi − vi)2√

1
N

∑N
i=1(yi − ȳ)2

(3.9)

Here, yi represents the manually-measured quantity we aim to predict, vi denotes

our model’s prediction, and ȳ is the mean of the manual annotation labels, defined

as ȳ = 1
N

∑N
i=1 yi. The RRMSE is a dimensionless metric, where a lower value

indicates better accuracy (0 being the optimal value and 1 representing the threshold

of uselessness). Additionally, we define the detection accuracy as:

Accuracy = (1− RRMSE)× 100 (3.10)

To evaluate the consistency among surgeons’ annotations and the quality of the

manual annotation labeling, we involved three senior surgeons to review and annotate
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the test dataset. We calculated the intraclass correlation coefficient (ICC) between

each reviewer, as well as between the MA and PR measurements. This analysis helps

us assess the level of agreement and inconsistencies in the annotations. We have also

evaluated the model reliability by comparing the surgeons’ measurements with model

prediction using the ICC metric. The ICC is a measure used to assess the reliability

or agreement among surgeons, MA, and PR in this study. As suggested in [198], we

have used the single-rating consistency model as follows:

ICC =
MSBS −MSWS

MSBS + (m− 1) MSWS
(3.11)

where:

MSBS : represents the Mean Square Between Subjects (variance between raters),

MSWS : represents the Mean Square Within Subjects (variance within raters),

m : represents the number of raters,

Using this metric, we can evaluate the model’s reliability by examining the ICC value

for each measure in our comparison.

3.4 Results and Discussion

In this section, we present the results and discuss the performance of the LanDet

model on the test datasets, which consisted of 140 images from both DS1 and DS2.

The model successfully detected all landmarks in 137 images, achieving an overall
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detection rate of 98%. However, it encountered difficulties in two images where it

failed to identify the femoral heads and one image where the sacrum landmarks were

missed. Note that during manual annotation, the annotators also faced challenges in

identifying femoral heads in six test images due to obstacles or partial image cutoffs

in that specific area. However, the model predicted the location of femoral heads in

these challenging cases, demonstrating its robustness. Moreover, the model showed

excellent performance in detecting landmarks, even in scenarios involving spinal or

hip implants and low-quality images, despite the limited data available for these

cases in the training and validation datasets. We further discuss the accuracy of the

model’s landmark detection in the following sections.

3.4.1 Model Performance and Accuracy of Automated Mea-

surements

We assessed the performance of the LanDet model using two separate datasets and

combined them into an extended dataset. The inclusion of these datasets separately

allowed us to examine the model’s performance on different-sized datasets (DS1: 1150

images and DS2: 320 images) and evaluate its performance on two types of X-ray

images from different devices (DS1: ordinary and DS2: EOS). Table 3.1 presents

the results of the LanDet model’s performance, including the average error, mean

and standard deviation of predicted values, mean and standard deviation of manual

annotation data, and the accuracy of the model’s predictions. The table reveals that

the SVA and PT measures demonstrated highest accuracy in DS1, with the model

achieving 92.8% and 91.1% accuracy, respectively. Conversely, in DS2, PT and PI

measures exhibited the highest accuracy, with 89.2% and 86.6%, respectively. Notably,

the model demonstrated good performance even in the dataset with a limited number
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Table 3.1: Statistical comparison of the mean values of reference manual parameter
measurements (MA) and those obtained automatically by the prediction model (PR).
The mean average error (MAE) are presented along with standard deviations (SD) of
each parameter evaluated in the two datasets (DS1 & DS2). The relative accuracy
of prediction (Acc) is also calculated and presented in last row of each dataset.The
highest measured accuracy is shown with bold font in each dataset.

Parameter SS◦ PT◦ PI◦ LL◦ SVA mm
DS1 MAE 4.8 1.8 5.7 6.7 2.5
DS1 PR (±SD) 42.5 (8.7) 18.1 (10.6) 53.6 (10.2) 48.5 (21.4) 38.2 (3.6)
DS1 MA (±SD) 38.9 (10.3) 19.3 (9.4) 50.8 (12.6) 46.2 (16.2) 34.9 (3.2)
DS1 Acc (%) 90.2 91.1 90.1 88.6 92.8

DS2 MAE 6.2 2.4 7.9 7.5 3.6
DS2 PR (±SD) 34.9 (11.8) 21.7 (21.4) 62.4 (10.7) 33.9 (17.1) 33.1 (2.5)
DS2 MA (±SD) 30.5 (10.4) 22.1 (19.5) 56.7 (13.7) 37.1 (17.8) 29.8 (2.1)
DS2 Acc (%) 84.7 89.2 86.6 81.2 83.1

of images (DS2), particularly in the prediction of the PT measure. While increasing

the number of images in the dataset led to improved detection performance, the

model’s performance remained commendable in DS2.

To highlight the impact of the physics-informed constraint approach, we compared

the model’s predictions before and after applying this technique in a landmark

detection as objects model (Figure 3.4). As shown in the figures, the average errors

for all measures decreased as a result of the model better understanding the relations

between different measures through this approach.

After combining the datasets, we evaluated our model on a larger dataset and

assessed its final accuracy. The accuracy results for SS, PT, PI, LL, and SVA were

93.1%, 94.6%, 93.4%, 91.2%, and 94.5% respectively (Table 3.3). Notably, the

increased number of images in the training dataset and the higher quality of images

in DS2 contributed to improved detection accuracy, with all exceeding 90%. Among

70



Figure 3.4: Comparison of model performance: LanDet model with physics-informed
constraint versus landmarks as objects model (before constraint) for two datasets.
Additionally, the figure presents the performance of the LanDet model on the
combined dataset, allowing for a comparison of its performance on each dataset.
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them, PT achieved the highest accuracy of 94.6%.

Table 3.2: Comparison of LanDet Model Estimation Errors with Literature Reports

Measure LanDet
Model

Literature (Reported Mean Error and SD)

Mean Error
and SD

Upper Range Lower Range

SS 3.2± 3.1◦ 8.4± 6.3◦ 2.7± 2.9◦

R = 0.89 R = 0.76 R = 0.85

PT 1.3± 1.1◦ 2.7± 2.5◦ 1.2± 1.7◦

R = 0.98 R = 0.9 R = 0.98

PI 4.2± 3.1◦ 9.5± 7.1◦ 3.8± 2.0◦

R = 0.95 R = 0.72 R = 0.96

LL (L5-L1) 5.1± 6.4◦ 11.2± 5.0◦ 4.2± 2.3◦

R = 0.86 R = 0.79 R = “not reported”

SVA 2.1± 1.9 mm 3.6± 3.5 mm 2.0± 2.4 mm

R = 0.98 R = 0.96 R = 0.99

Table 3.2 illustrates the comparative performance of our model against reported

accuracies in the literature across various measures. The table is structured to provide

a clear and concise comparison of the metrics, but it should be mentioned that the

dataset used in each study is different from each other and from our datasets.

Sacrum Slope (SS): Our model predicts SS with a mean error and standard

deviation of 3.2± 3.1◦ and a Pearson correlation coefficient (R) of 0.89. The LanDet

model significantly outperforms the lower reported accuracy range of 8.4 ± 6.3◦,

R = 0.76 [40], demonstrating enhanced precision. While it shows a slightly higher

mean error than the upper range in the literature (2.7± 2.9◦, R = 0.85) [199], the
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high correlation coefficient indicates its reliability.

Pelvic Tilt (PT): The model shows a mean error of 1.3± 1.1◦ with an R of 0.98 for

PT. This performance is within the highest accuracy range reported in the literature,

which spans from 2.7± 2.5◦, R = 0.9 [30] to 1.2± 1.7◦, R = 0.98 [31]. This indicates

that our model is not only consistent with top-performing models but also tends

towards a lower error margin, highlighting its precision.

Pelvic Incidence (PI): For PI, our model registers 4.2± 3.1◦, R = 0.95, compared

to a reported range in the literature of 9.5±7.1◦, R = 0.72 [40] to 3.8±2.0◦, R = 0.96

[199]. Here, our model demonstrates significant accuracy, surpassing the lower range

of reported values and closely matching the higher accuracy models in both precision

and correlation.

For the Lumbar Lordosis (LL) measure, our model’s performance is represented

as 5.1 ± 6.4◦ with a Pearson correlation coefficient (R) of 0.86. When compared

with the reported accuracies in the literature, our model demonstrates competitive

performance. The lower range of accuracy in the literature is reported as 11.2± 5.0◦,

R = 0.79 [40], while the upper range is 4.2± 2.3◦ [41], with the correlation coefficient

not reported.

Sagittal Vertical Axis (SVA): Our model estimates SVA with a mean error of

2.1 ± 1.9 mm and a correlation coefficient of 0.98. This compares favorably with

the literature range of 3.6± 3.5 mm, R = 0.96 [28] to 2.0± 2.4 mm, R = 0.99 [31].

Our model’s results for SVA are commendable, situating it well within the range of

existing models and demonstrating a good balance between accuracy and reliability.

In summary, our model exhibits robust performance across a range of measures,

consistently matching or surpassing the literature-reported accuracy. This highlights

the model’s potential as an effective tool in its respective field, particularly noteworthy
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Table 3.3: Statistical comparison of mean values of reference manual parameter
measurements (MA) and those obtained automatically by the prediction LanDet
model (PR) for the combined dataset. The mean average error (MAE) are presented
along with standard deviations (SD) of each parameter evaluated in the two datasets
(DS1 & DS2). The table also include the correlation analysis using R Pearson
correlation coefficients, and relative accuracy of prediction (Acc).

MAE (±SD) PR (±SD) MA (±SD) Correlation Acc (%)

R p

SS◦ 3.2 (2.7) 39.8 (9.4) 37.9 (10.3) 0.89

<0.0001

93.1
PT◦ 1.3 (1.1) 19.2 (13.3) 20.2 (12.9) 0.98 94.6
PI◦ 4.2 (3.1) 53.7 (12.4) 52.8 (12.3) 0.96 93.4
LL◦ 5.1 (6.4) 38.3 (19.5) 40.3 (16.7) 0.86 91.2

SVAmm 2.1 (1.9) 3.5 (3.1) 3.3 (2.9) 0.98 94.5

in its precision and reliability. There are some measures that our model accuracy

is less than what has been reported in the literature. Noting that the dataset size,

image quality, and number of detection classes are different in each study as well as

our study, the discrepancies could be because of the mentioned reasons. For instance,

[31] had a dataset including 2500 images compared to our dataset of 1400 images.

On the other hand, [199] mentioned that cases involving minors whose skeletons have

not fully matured and instances of degenerative disk disease, where the vertebra

corners are challenging to discern, were omitted from their dataset. Additionally,

only high-quality images with appropriate contrast and brightness levels for clear

observation were included, while we almost did not exclude any images from our

dataset to represent its capability for a real-world application.

In conclusion, our model demonstrated competitive performance across various

measures compared to the literature. These results highlight the effectiveness of

utilizing physics-informed constraint method, which we used in our landmark detection
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as object algorithm (LanDet). The model has shown promising performance in

detecting landmarks, and the physics-informed constraint approach is proven to be

effective of improving the accuracy across different measures. Also, combining the

datasets has enhanced the model’s robustness and generalizability to new imaging

sources and devices.

3.4.2 Model Reliability and Level of Agreement Between the

Model and Surgeons

To evaluate the model reliability and to compare the model performance against

surgeons, the automatic extracted measures from the model is compared to measures

form three surgeon annotations. For this purpose, ICC metric is used and the results

are shown in Figure 3.5. Our model showed a better consistency with surgeons

compared to what has been previously reported in the literature [31]. Mean ICC

values reported in [31] are as follows: SVA at 0.99, PT at 0.96, LL at 0.90, SS at 0.84,

and PI at 0.78. The ICC values for our model and reviewers in Figure 3.5, shows

higher values (i.e. better consistency) in all measures.The LanDet deep learning

model was able to meet the reliability of surgeon reviewers in all of the measures, as

the ICC values for model versus surgeons closely mirrored those for surgeon versus

surgeon, with all but three SS values (0.88, 0.89, 0.89) over the score of 0.9, indicating

excellent correlation in each comparison [198]. Our findings align with the conclusions

drawn in previous research, which also reported the highest error or variability and

less consistency in measuring SS [200, 30, 31].

75



Figure 3.5: ICC metric results for the evaluation of model reliability by comparing
the extracted results from the model with manual annotation by three surgeons
(Reviewer1: senior spine surgeon, Reviewer2: senior neurosurgeon, and Reviewer3:
senior orthopedic surgeon).
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3.4.3 Limitations and Advantages

The performance of the model not only aligns well with existing literature and

correlates well to surgeons’ annotations but also showcases exceptional proficiency in

managing unique scenarios and addressing challenges associated with the identification

of adjacent landmarks. This is primarily attributed to the incorporation of geometrical

constraints in the LanDet physics-informed deep learning model. We evaluated the

model on two distinct datasets, demonstrating its adaptability to different scenarios

and images from diverse sources. Figure 3.6 showcases four specific instances where

the model accurately identified the required landmarks, even with patients having

spinal or hip implants or images with partial cutoff or obstructed by protective shields.

Despite the scarcity of training images for such special cases, our model proved

successful in handling them effectively. It is worth noting that manually annotating

landmarks in such cases, particularly those with obstacles or partial image cutoff, can

be challenging.

Figure 3.6: Challenging cases successfully addressed by the model in the datasets: A)
Partially cut-off images, B) Images with obstacles in the hip region, C) Images from
patients with hip implants, D) Images from patients with spinal implants.

  

A B C D 

Previous studies in the literature [31, 30] have highlighted the challenge of missing
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specific landmarks and difficulty in distinguishing between adjacent and similar

anatomical landmarks. In our research, we encountered similar issues until we

introduced physics-informed constraints into our model. As illustrated in Figure

3.7, the LanDet model successfully addresses these challenges by incorporating the

concept of landmarks as objects with the integration of physics-informed constraints.

The primary limitation of LanDet is the availability of data. As expected, a larger

training dataset would likely lead to better model performance. While the model

demonstrated robustness in detecting landmarks in challenging cases, improving the

accuracy of these detections would be possible by increasing the number of images

from patients with abnormalities or spinal implants in the dataset.

3.5 Conclusion

In this chapter, we presented a novel deep learning approach for detecting anatomical

landmarks as objects, surpassing the limitations of previous models that heavily

relied on heat-map regression. By incorporating physics-informed constraints into our

deep learning models, we achieved significant improvements in landmark detection

accuracy. Moreover, our approach demonstrated robustness in challenging scenarios,

including cases with implants, protected regions, and partially obscured images,

even when training data for such scenarios was limited. Furthermore, our model

effectively addressed the issue of mis-detection of similar or adjacent landmarks.

The landmark detection performance for SS, PT, PI, LL, and SVA measures was

evaluated, comparing results between datasets of different sizes and against the

existing literature. Our model achieved competitive performance while offering the

aforementioned advantages. To assess the reliability of our model, we compared its
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Figure 3.7: The advantage of applying physics-informed constraints, which improved
the accuracy of localization of some similar and adjacent landmarks. The superior
posterior corner of S1 is not detected before applying constraints, P1 (without
constraints), which is solved by LanDet that incorporate geometrical constraints
(P1 LanDet). Also, a mis-detection of L5 superior posterior (P2 without constraint)
instead of S1 superior posterior is resolved by LanDet (P2 LanDet).

 

P1 (Before Constraint) P1 (LanDet)
) P1 (YoloV8)

P2 (Before Constraint) P2 (LanDet) 
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predictions against those of three senior surgeons, using the ICC metric. The results

revealed a high level of agreement between our model and the expert surgeons.

In conclusion, our proposed deep learning approach presents a significant ad-

vancement in the field of anatomical landmark detection. Its success in handling

challenging scenarios and achieving comparable performance to expert evaluations

makes it a valuable tool for clinical applications and research studies. The integration

of physics-informed constraints into the deep learning framework opens new possibili-

ties for accurate and robust landmark detection in medical imaging. In Chapter 4

and Chapter 5, we illustrate the utilization of the advanced LanDet deep learning

model for the efficient extraction of spinopelvic measures and the subsequent patient

categorization based on automated measurements. This categorization is instrumental

in determining the optimal patient-specific cup implant orientation by assigning the

appropriate spinal stiffness parameters.
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Chapter 4

Motion Capture Experiment and

Radiographic Analysis

4.1 Chapter Overview

In Chapter 2, we reviewed the literature and the findings in Section 2.3.2 were

primarily centered on X-ray image analysis of sitting and standing postures. While X-

ray analysis is essential for THA surgery, it’s critical to explore the dynamic transition

between sitting and standing positions further. To address this, we conducted

two experiments in Section 4.2: motion capture and radiographic analyses. These

experiments allowed us to assess spine stiffness and different spinopelvic motions and

to understand the effect of different spinal conditions on lower limb motion. The

radiographic analysis demonstrates the current method for evaluating spinopelvic

stiffness, highlighting the significance of the automatic extraction of spinopelvic

measures introduced in Chapter 3.

81



However, as our literature review in Chapter 2 highlighted, static X-ray images

may not fully capture the dynamics of human motion. Although X-rays are integral

to pre-operative planning, the motion capture experiment reveals a crucial moment

when impingement can occur. This moment occurs in a transitional phase, not in the

typical sitting or standing positions, and varies for each patient-specific condition.

Although motion capture is not a routine pre-operative procedure, it underscores the

necessity for predictive simulations, a concept elaborated upon in Chapter 5. This

predictive simulation is pivotal in addressing these dynamic considerations.

4.2 Case-Study Experiments: Motion Capture and

Radiographic Analyses of Human Sit-to-stand

Movement

To investigate the importance of a dynamic motion analysis rather than relying on

static X-ray images, two case study experiments were performed, and their results

compared to those in the literature. In the first experiment, we used sitting and

standing X-ray images for 87 patients. Different spinopelvic measures were extracted,

and a functional relationship between spine stiffness and these measures has been

introduced. In addition, patients with spinal fusion were considered as a separate

group, and their spinopelvic measures were compared to those of the first group. The

second experiment in this study was a dynamic motion analysis using motion capture

data. In this experiment, the importance of dynamic motion analysis for pre-operative

planning has been discussed. The results of our dynamic motion analysis matched

those of the static X-ray data analysis, and provided more information on the dynamic
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transition from sitting to standing posture as well as the most probable moment in a

sit-to-stand motion during which an impingement or dislocation can happen. The

motion capture method has been used to highlight the power of a dynamic motion

analysis over a static X-ray. Other methods that can be used for a dynamic motion

analysis are predictive dynamic simulation or video fluoroscopy. We demonstrated

that some information is missing in static X-ray studies, which a dynamic motion

analysis can provide. For this purpose, motion capture analysis was used, which has

less limitation for data collection comparing to video fluoroscopy, and more clinically

reliable than a predictive dynamic simulation.

4.2.1 Radiographic Analysis

The effect of spine stiffness and different spinopelvic measures on pelvic movement

have been discussed in Section 2.3, and relevant studies have been reviewed. In this

section, we evaluate some of the hypotheses proposed in the literature by analyzing

X-ray images. In total, the sitting and standing X-rays of 87 patients were selected

(174 X-ray images). Spinopelvic measures (i.e., SS, PT, PI, and LL) were extracted

for each patient for both postures, as shown in Figures 4.1 and 4.2. Patients were

categorized based on their spinopelvic measures and prior spine fusion surgery. As

can be seen in Figure 4.3, patients with normal spinopelvic movement (68%), patients

with a restriction in pelvic range of motion from sitting to standing (∆PT < 10◦)

(27%), and patients with prior spine fusion surgery (5%) are all included. Using

the automatic extraction of spinopelvic measures from Chapter 3, we extracted the

required measures for this study [38].

The changes in sacral slope (∆SS) and lumbar lordosis (∆LL) between sitting and

standing have been compared for each patient. A stationary pelvis (i.e. ∆SS ≤ 10◦)
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Figure 4.1: Spinopelvic measures changing between standing (left) and sitting (right)
postures for patient with no prior fusion surgery. The pelvis is tilted effectively, with
a change of 15 ◦ (∆PT = 15◦), and the spine has contributed to the motion with a
change in LL (∆LL = 25◦).
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Table 4.1: Spinopelvic measures and their changes from standing to sitting position
for patients with prior fusion surgery

Levels of fusion ∆SS ∆LL PI − LL
(standing)

L5-L4 10◦ 9◦ −5◦

L4-L3 17◦ 11◦ −27◦

S1-L5-L4 4◦ 8◦ 21◦

S1-L5-L4 6◦ 4◦ 8◦

was considered as the main criterion affecting the outcome of a THA surgery, primarily

because spinal stiffness leads to a restriction in the pelvic range of motion. As can

be seen in Figure 4.4, all patients with a stationary pelvis (∆PT or ∆SS < 10◦)

had restriction in the change of LL (∆LL < 20◦). But this hypothesis is not valid

in reverse, which means that some patients with ∆LL < 20◦ had a normal pelvic

motion. Thus, limited ∆LL can be considered as a risk factor for PT restriction, and

increased risk of impingement or dislocation after THA, but pelvis motion analysis is

necessary to understand the effect of restricted spinal motion. This hypothesis has

been evaluated for the category of patients with prior fusion surgery. As can be seen in

Table 4.1, although the fusion surgery caused a restriction in LL change (∆LL < 20◦),

the consequence of that on ∆SS (= ∆PT ) was different in each level of fusion.

Different levels of fusion and other factors like physiological and anatomical features

appear to have influenced the resulting ∆SS. Unlike some reports that correlate

the pelvic inclination to PI [201, 13], our data shows no meaningful relationship

between a change of pelvic inclination (or ∆PT ) and PI. The last thing that we

evaluated was the alignment criterion (PI − LL) for standing position. We cannot

find any meaningful relationship between a stiffer spine or stationary pelvis with

spinal deformity (PI − LL > 10◦) defined in [21]; however we did not evaluate the

effect of this criterion on increasing rates of dislocation.
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Figure 4.2: Spinopelvic measures changing between standing (left) and sitting (right)
postures for a patient with prior fusion surgery. Because of the stiffer spine (∆LL =
9◦), the pelvis has lost the ability to tilt through a large angle (∆PT = 3◦), increasing
the patient’s risk of dislocation after THA.
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Figure 4.3: Data distribution and patient categorization

Figure 4.4: A comparison of spinopelvic measures for the category of stationary pelvis
and all patients. The box and whisker plots indicate the mean, minimum, maximum,
lower quartile, and upper quartile of the data.
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4.2.2 Motion Capture Analysis

Static X-ray images provide information only for sitting and standing postures.

Tracking the spinopelvic measures and joint angles during the transition between the

two would be an advantage of motion capture analysis.

An experimental study was performed to measure the kinematic behavior of the

spinopelvic complex during a sit-to-stand movement. For this purpose, a motion

capture setup has been used at the University of Waterloo after we got ethics approval

from the ethics committee on “multibody biomechanical modelling of activities of

daily living. In this process, using six Eagle cameras and passive markers, we extracted

the positions and orientations of each body segment (i.e. head, spine, and legs). Six

participants were instructed to perform five trials of sit-to-stand and stand-to-sit

motions with their hands crossed on their chests. We later chose two of them who

had differennt spinopelvic movement and presented the results for these two. The

information on these participants is provided in Table 4.2. For each trial, a normal

sit-to-stand motion has been performed from a sitting posture on a stool with a

height of 60 cm. Anatomical marker placement is shown in Table 4.3 and Figure 4.5,

providing the position and orientation of body segments. Using this information, joint

angles during the motion have been calculated (Appendices A and B). The results

are presented in Figure 4.6.

4.2.3 Different Spinopelvic Motions

The joint angles extracted using experimental motion capture data provide information

about spinopelvic behavior during a sit-to-stand motion. Three variables have been

extracted from the joint angle results for further analysis. Figure 4.7 shows the
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Table 4.2: Volunteer participant information

Participant
information

1 2

Gender Male Male
Age 28 29

Weight 86.5 Kg 55.6 Kg
Height 177.2 cm 175.6 cm

Figure 4.5: Marker placement on the subject
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Table 4.3: Anatomical marker placement

Anatomical landmarks Details

Pelvis
ASIS (Anterior superior iliac spine)
PSIS (Posterior superior iliac spine)

Thigh
MFC (Medial femoral condyle)
LFC (Lateral femoral condyle )

Shank

MTC (Medial tibial condyle)
LTC (Lateral tibial condyle)
Medial malleolus on the shank
Lateral malleolus on the shank

Spine and Head

Lumbar part: L5, L3, L1
Thoracic part: T6
Cervical part: C7

Head: Front, Back, Right Left

Figure 4.6: Joint angle results from the motion capture experiment, with dashed lines
representing mean values and shaded areas denoting standard deviation across trials.
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trajectories of pelvic tilt (PT), lumbar lordosis (LL), and hip joint angle during the

motion for both subjects from sitting to standing. Comparing these results to the

static x-ray images for standing or sitting posture confirms that a dynamic motion

analysis is more informative than static x-rays. Comparing lumbar lordosis and pelvic

tilt changes during the motion for these two subjects, it can be concluded that subject

1 has a stiffer spinopelvic complex (less LL and PT change during the motion). The

results from this method not only provide ∆PT and ∆LL (static comparison of

sitting and standing postures), but also allow us to follow the trajectory of changes in

PT and LL throughout the whole range of motion. Using static X-ray images may not

predict the critical moment when the risk of impingement or dislocation is most acute.

Examining the results in Figure 4.7, the higher hip joint angle with less pelvic tilt

could be assumed to be the most problematic moment for impingement or dislocation

after THA (subject 1). Figure 4.7 shows that the most critical moment for a probable

dislocation is neither sitting nor standing. The points with a higher hip joint angle

(Point P1: subject1, Point P2: subject 2) coincide with lower pelvic tilt and are

the critical moments. As can be seen in Figure 4.7, the potential critical moment

for a possible dislocation is a subject-specific moment between sitting and standing

posture when the subject is leaned forward and ready for standing up (different time

for points P1 and P2).

Considering results from both motion capture analysis and X-rays, a hypothesis

can be developed on the effects of spine stiffness on different spinopelvic motions. As

can be seen in Figures 4.4 and 4.7, all patients with restricted pelvic tilt (∆PT < 10◦)

have restricted spinal motion (∆LL < 20◦). In addition to these restrictions, the

dynamic motion analysis showed less variation in LL for the subject with stiffer spine

(not just in sitting and standing) during the movement as well. Thus, lower variation
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Figure 4.7: Motion capture experiment results: A comparison between hip joint angle,
pelvic tilt, and lumbar lordosis changes during motion for two subjects with different
spinal stiffnesses.

in LL from standing to sitting should be considered as a risk factor for pre-operation

THA surgery planning as recently suggested by Vigdorchik et al. [21]. But PT, LL

and hip joint angle should also be considered together to decide whether a spinopelvic

complex is stiff or not. The stiffer the spinopelvic complex, the less contribution

of the spine and pelvis to postural changes. The less the pelvis contributes to the

motion when the hip joint has the same or more range of motion, the greater the

risk of impingement due to the more-stationary pelvis in these subjects. Indeed, the

pelvis in subjects with a stiffer spinopelvic complex provides less backward tilting in

the middle of the motion as well as less forward tilting at the end of a sit-to-stand

motion (Figure 4.7). The results from dynamic motion analysis here are consistent
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with reports in the literature; for instance, Espasito et al. claim that “Patients who

dislocated had significantly less spine flexion, less change in pelvic tilt, and more hip

flexion from standing to sitting positions compared to patients with normal spines”

[19]. Moreover, as we have shown, using dynamic motion analysis may help to detect

the critical moment of a possible dislocation, a valuable advantage in pre-operative

THA planning.

4.3 Discussion and Conclusion

This research has reviewed relevant clinical studies on the effects of spinopelvic

measures on THA surgery. Regarding the suggestions and conclusions provided in

most studies reviewed in this paper, the importance of patient-specific THA surgery

planning that considers different spine stiffness and spinopelvic measures becomes

clear. Comparing the summary of research in Table 2.1, it can be concluded that recent

research is focused on finding a correlation between different spinopelvic measures

and the outcome of THA surgery, as well as the effects of spine fusion surgery and

spine stiffness. To evaluate some of the recommendations in the literature, two

experiments were designed to analyze spinopelvic measures and motion. The results

of our experimental motion capture and radiographic (X-ray) analysis were compared,

showing the influence of different spine properties and spinopelvic relationships on

pelvic tilt (PT) and hip range of motion (ROM). The change of pelvis and lower

limb motion resulting from different spine types and/or spinopelvic measures can

affect the risk of impingement or dislocation post-surgery. The results from X-ray

data analysis showed that patients with restricted spine movement (∆LL < 20◦)

experience restriction in pelvic motion (∆PT < 10◦) (all patients with a stationary
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pelvis (∆PT < 10◦) had restriction in the change of LL (∆LL < 20◦)).

Although using predictive dynamic simulation or video fluoroscopy can be more

practical options for a dynamic motion analysis, using motion capture analysis provides

more information compared to X-ray analysis, and with fewer clinical restrictions.

We did not want to introduce an alternative to X-rays; instead, our intention of using

this dynamic motion analysis was to clarify the fact that some information missing

from static X-ray studies can be provided by dynamic motion analysis. Comparing

the results (i.e., PT, LL, and hip joint angle) to X-ray analysis showed that the most

likely moment for a dislocation is neither sitting nor standing. As shown in Figure 4.7,

the critical moment for a possible dislocation is a subject-specific moment between

sitting and standing posture when the subject is leaning forward and ready to stand (a

different time for each subject: points P1 and P2). Also, the dynamic motion analysis

showed that if we only stick to the restricted pelvic tilt (∆PT < 10◦) criterion in the

preoperative analysis, we would not be able to identify some candidates with spine

stiffness. For instance, in our dynamic motion analysis the subject with a stiffer spine

(∆LL < 20◦) did not have pelvic tilt restriction(∆PT < 10◦), but experiences less

variation in LL and PT (not just in sitting and standing) during the movement. In a

standard X-ray analysis utilizing only static sitting and standing positions, a subject

with a stiff spine might be overlooked. However, incorporating dynamic motion

analysis can help in identifying such cases more effectively. Consequently, the last

observation from our dynamic motion analysis is that valuable information is missing

if we follow only a static X-ray approach before THA surgeries. In fact, tracking the

change of hip joint angle and spinopelvic measures (LL and PT) during motion is as

important as X-ray analysis that provides information only from sitting or standing

postures. Hip joint changes are correlated to some spinopelvic measures and spine
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stiffness. The results from our dynamic motion analysis showed that less variation

in LL from standing to sitting should be considered a risk factor in pre-operative

planning. A crucial aspect to note is that evaluating PT, LL, and the hip joint

angle collectively is essential in determining the stiffness of the spinopelvic complex.

Therefore, integrating dynamic motion analysis, which offers additional insights into

patient-specific spinopelvic motion, is strongly advised for enhancing the outcomes of

THA surgery in future pre-operative planning. In Chapter 5, we explore predictive

simulation and the optimization of patient-specific cup implant orientation, a key

strategy to prevent impingement.
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Chapter 5

Predictive Human Model of

Sit-to-Stand Motion Influenced by

Spine Stiffness to Optimize Cup

Implant Orientation in THA

5.1 Chapter Overview

The traditional Lewinnek safe zone used as a guideline for Total Hip Arthroplasty

(THA) surgery has been found to be inadequate, as dissatisfaction rates have risen

after this surgery [18]. It is evident that spinopelvic parameters and spine stiffness,

factors that have been overlooked previously, must be taken into account for optimal

surgical outcomes. In addition, in Chapter 2 and 4, we discussed the necessity of a

dynamic analysis of motion to achieve an optimized cup implant orientation for THA.
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In this chapter, a novel predictive dynamic modelling approach is proposed to address

the aforementioned gaps. This approach involved the development of a multibody

model of a human that contained nonlinear spinal elements, which was validated

by comparing it to literature in-vitro experiments and conducting a motion capture

experiment explained in Chapter 4. To simulate human sit-to-stand motion, this model

was employed with an optimal control approach based on trajectory optimization.

Human joint angles were extracted from conducted simulations of different scenarios:

normal, fused, and stiff spines.This chapter will discuss recommended optimized

cup orientations for patients with anterior or posterior pelvic tilt, which influence

lower limb movement. It will also cover scenarios combining pelvic tilt with a stiff

spine. Different spinal stiffness parameters are used for the stiff spine condition

based on spinopelvic measures and patient categorization. This process can be done

automatically based on the approach presented in Chapter 3. The optimal acetabular

cup orientation was calculated based on implant impingement criteria using predicted

motions for different spinal condition scenarios, and the results compared to the

clinically recommended orientation values for the same categories of patients in

Section 5.4.4. This research is the first of its kind to examine spine flexibility in

different scenarios and its impact on lower limb motion. The findings of this chapter

could help improve THA surgical planning and reduce the risk of hip impingement or

dislocation after THA.

5.2 Introduction

One of the most important parts of a THA surgery is cup positioning and orientation

[24] to reduce the risk of later impingement or hip dislocation. The widely-adopted
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guideline for the cup orientation is the Lewinnek safe zone [25]. However, this metric

was shown to have minimal correlation with the risk of hip dislocation [13, 26, 27],

which also depends on factors such as pelvic tilt (PT) and spine flexibility that are

ignored by the Lewinnek guidelines.

Considering the spine for lower limb motion analyses might at first glance be seen

to require excessive work for only negligible outcome, but a look at the increasing

number of patient complaints after THA surgeries [18] highlights the importance

of considering other factors like the spine stiffness, pelvic motion, and spinal fusion

in lower limb dynamic analysis. Recent clinical evaluations show increased rates of

dissatisfaction after THA, indicating that relying on the traditional Lewinnek safe

zone [25] is not practical for all patients [21, 13, 20]. It appears that, for optimal cup

positioning and orientation during the THA, not only the lower limb dynamics but

also the effects of the spine on lower limb motion must be considered [21]. Different

spinal conditions and stiffness have a direct effect on THA surgery; if the spine is too

stiff or rigid, the prosthetic implant may not be properly aligned or seated, leading

to joint instability, pain, and even implant failure [13]. Additionally, a stiff spine can

limit the range of motion of the hip joint, resulting in decreased function. Therefore,

it is important to assess spine stiffness prior to THA surgery to ensure the best

outcome. Thus, surgeons should consider different spine types and their effects on

lower limb motion in their preoperative plannings. The more flexible the spine, the

more contribution it has in daily activities [13]. As discussed in Chapter 4, currently,

surgeons use lateral X-ray images of the spine and pelvis, usually from standing and

sitting postures, to plan the THA surgery [22]. Relying only on these two X-ray

images might not be sufficient to obtain the spine stiffness, since it cannot be easily

evaluated using static X-ray from two stationary positions. Thus, we are motivated
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to move from stationary X-ray image analysis to a full dynamic motion analysis

before and after THA surgery, which includes spine stiffness evaluation. The following

paragraphs explain different reasons for spinal stiffness, the current surgical approach

to include the spine, and how using a predictive dynamic model can improve THA

surgery outcomes.

Individuals with stiffer spines (restricted spinal joint angles), which may arise from

spinopelvic abnormalities, spinal fusion surgery, and aging, will have different spinal

dynamic behaviors during daily activities such as sit-to-stand motion. Currently,

assessing spine stiffness involves comparing sitting and standing X-ray images and

analyzing spinopelvic parameters, such as pelvic tilt in sitting and standing postures

[201]. In cases of stiff spines, some surgeons consider modifying the implant position

and orientation (categorizing patients and providing qualitative modifications tailored

to each category) in order to incorporate the effect of the stiffer spine [21, 202].

However, the exact mechanisms involved and their influence on an operation’s outcome

have not yet been clarified [6]. Therefore, a quantitative analysis that suggests patient-

specific implant orientation becomes necessary.

As discussed in Chapter 2, the main reason reported for changes in spinal stiffness

is spinal fusion surgery [10, 97, 98, 99, 100]. However, spine disorders [98], and aging

[203] are also reported to have some effect on the spine mobility, which is introduced

as “late dislocation”. Recent research gave spine fusion surgery as the main reason

for spine stiffness, which can affect the outcome of THA surgery [97, 99, 98]. When

a spinal fusion results in a fixed spinal alignment [27] or involves the sacrum and

some levels of the lumbar spine, the risk of impingement increases as a result of

excessive spinal stiffness [105]. In addition, changes in biomechanical properties of

the spine elements (i.e., Inter-vertebral Discs (IVDs), ligaments, and muscles), which
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can be the result of aging or disc degeneration [204, 205, 206], can result in different

spine stiffnesses. Surgeons categorize their patients based on different spine-hip

relationships and propose different implant cup positioning and orientation according

to these categories [21, 109]. Although these qualitative representations of different

spine-hip relations help surgeons to consider different approaches for those who might

have stiffer spines, they do not identify the underlying mechanism of how different

levels of fusion, aging, or spine deformity can affect lower limb motion.

In this chapter, we present a predictive dynamic model for human motion simula-

tion, aiming to bridge the existing knowledge gap in THA and enhance preoperative

surgery planning. Given the prevalence of implant impingement or dislocation after

THA during the sit-to-stand motion [207], which is a highly repetitive daily activ-

ity, our focus lies on the predictive simulation of this specific motion. We further

investigate various scenarios involving the dynamic model of patients with different

spinal conditions. This modelling approach has the potential to provide surgeons

with numerical insights into the predicted dynamic motion beyond those given by

static X-rays. Moreover, the forward dynamics method is used to simulate different

scenarios and answer “what if?” questions in terms of spinopelvic and lower limb

motion. Note that the US Food and Drug Administration (FDA) has supported

the use of computational models to improve medical device performance [107]. By

employing this parametric analysis using predictive models, surgeons can modify

stiffness factors and directly observe the effects on lower limb dynamic motion, which

is an improvement from the general categorization and treatment advice outlined in

[98, 21].
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5.3 Method

5.3.1 Overview

Figure 5.1: The framework of evaluating the effect of different spine conditions on lower
limb motion and obtaining optimal cup orientation to avoid implant impingement
after THA.

The main components of the proposed methodology are presented in Fig.5.1.

To begin, a functional lumbar spine unit is designed and modelled with nonlinear

ligaments and intervertebral discs (IVDs). This model is then validated by comparing

its range of motion with literature in-vitro experiments. Subsequently, the validated

functional unit is used to create a 10 degree of freedom (DOF) full body human

skeletal model in MapleSim [Maple, v 2022.2, Canada]. An optimal control method

based on trajectory optimization is then applied to this model to simulate human

sit-to-stand motion. The joint angles generated by this simulation are validated with a

101



motion capture experiment. This predictive model is then used to identify the relative

orientation of the femur and pelvis for different spinal conditions and spinopelvic

stiffness. An optimization algorithm is employed to optimize the acetabulum implant

to prevent impingement. Utilizing this framework, a novel patient categorization is

used to propose different cup orientation angles.

5.3.2 Biomechanical Modeling of a Functional Spine Unit

Considering Non-linear Passive Spine Elements

A five degree of freedom multibody lumbar spine model has been developed using

the MapleSim software (Figure 5.2). In this dynamic model, spine vertebrae are

assumed to be rigid bodies that are connected with five joints and six groups of

ligaments: Anterior longitudinal (ALL), Posterior longitudinal (PLL), Ligamentum

flavum (FL), Supraspinous (SSL), Capsular (CL), and Interspinous (ISL) ligaments.

The anatomical insertion points for each ligament are provided in Table 5.1 [208].

In-vitro experiments on ligaments in the literature and the resulting stress-strain

curves from mechanical tensile experiments [209] reveal that the mechanical behavior

of lumbar spine ligaments can be modeled as nonlinear elements [210, 211, 212, 213].

As a result, the ligaments have been defined as nonlinear spring and dampers in the

model, with the insertion points for nonlinear spring and damper replicating the

same anatomical insertion points. Additionally, to accurately model the behavior

of the ligaments, it is important to include the fact that they are only active when

they are in tension. To do this, the nonlinear expression is generalized as proposed

by Damn et al. [211] and the coefficients are adjusted according to the literature

in-vitro experiments and the motion capture experiment that we have performed. The
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Figure 5.2: Lumbar spine functional unit with the pelvis and connecting nonlinear
ligaments and IVDs

Table 5.1: Ligament insertion points

Ligament Description
ALL Origin from anterior tubercle of atlas (C1), insert

to the sacrum.
PLL Origin from axis (C2) in dorsal surface of the body,

insert to the sacrum.
FL Origin from axis (C2) in spinal canal, insert to the

sacrum
CL Originates bilaterally on the anteroinferior aspect

of the lamina, inserts on the posterosuperior aspect
of the lamina

ISL Attach to the spinous processes respectively, of
adjacent vertebrae.

SSL Originates as the ligamentum nuchae, attaches to
the tip of each spinous process.

following equations explain how nonlinear behavior is incorporated into the modeling

of the ligaments:

103



FL = FL
k + FL

d (5.1)

FL
k = a ln

(
e

ε+b
d + 1

)
+ c (5.2)

where FL is the applied force by the ligaments and is a function of the ligament’s

relative stretch to their rest length (i.e., strain, ε) and the rate of the relative stretch

(dε
dt
). This force includes the resulting force from the nonlinear springs FL

k and dampers

FL
d . The relation for the nonlinear spring is defined by Equation 5.2, in which the

coefficients a, b, c and d are specified for each ligament in Table 5.2.

Table 5.2: Parameter values describing nonlinear behavior of ligaments and IVDs
as suggested by [211, 136] and fine-tuned according to the experiments (Eq.5.2 and
Eq.5.5).

a (N) b (m) c (N) d (m)

ALL 174.500 −9.060 −24.530 5.625
PLL 52.121 −42.971 −2.500 15.002
FL 45.351 4.310 53.833 −10.251
CL 94.334 19.271 −81.254 71.521
ISL 0.442 −3.612 0.000 0.024
SSL 1.213 −21.971 0.000 1.372

SSL neg −51.432 −35.000 −0.028 4.718

p1 (N.m) p2 p3 (N.m) -

Flexion 9.512 0.006 −1.523 -
Extension 5.139 0.008 23.622 -

The damping force is assumed to be a function of spring force:

FL
d = f FL

k

dε

dt
(5.3)
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as suggested by [211] and [136], where f = 10 (s/m).

The literature experiments on intervertebral discs (IVDs) have revealed that these

elements exhibit a nonlinear behaviour [214, 211, 215]. Mechanical properties of

healthy and degenerated IVDs have been extracted from the the literature [205].

In order to capture this nonlinear behaviour, a multibody model was developed

that included nonlinear springs and dampers. This model was able to predict the

nonlinear mechanical response of IVDs in the lumbar region from pelvis to vertebra L1.

Mathematically, the nonlinear behaviour of IVDs has been modelled using rotational

springs and dampers. This has enabled a better understanding of the biomechanics

of the lumbar spine and its related elements.

TD = TD
k + TD

d (5.4)

TD
k = p1 tanh

(
φ3

p2

)
+ p3 φ (5.5)

TD
d = δDd

dφ

dt
(5.6)

where TD is the applied torque by IVDs in flexion and extension and is a function of

joint angle (φ) and angular speed (dφ
dt
). The resulting torque is from the nonlinear

springs TD
k and dampers TD

d . Equation 5.5 is a nonlinear expression representing the

spring behavior in the IVD model. The coefficients in this equation are specified in

Table 5.2 and the damping coefficient δDd is 100 Nm.s as suggested by [211, 216].
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5.3.3 Multibody Dynamics Human Skeletal Model

A 10-Degree-of-Freedom (DOF) sagittal human dynamic model has been developed

using the MapleSim software, featuring 7 DOF for the spine (revolute joints connecting

the S1-L5, L5-L4, L4-L3, L3-L2, L2-L1, L1-T12, and T6-T5 rigid vertebrae) and 1

DoF in each joint in the lower limbs (hip, knee, and ankle joints) (Figure 5.3). The

joint coordinate system is based on the standard for joint kinematics recommended by

the International Society of Biomechanics (ISB)[217]. This model assumes stationary

feet relative to the ground and symmetrical sit-to-stand movement in the sagittal

plane. Nonlinear elements such as lumbar spine ligaments and intervertebral discs

have been added to the model, resulting in a forward dynamic model of the human

skeleton. Symbolic dynamic equations are automatically generated by MapleSim,

which can be written in the following form:

u = M ẍ+C+G (5.7)

where u are the 10 joint torques, x are the joint angles, ẋ are the joint velocities, ẍ

are the joint accelerations, M(x) is the mass matrix, C(x, ẋ) is the vector of Coriolis

and centripetal forces, and G(x) contains gravitational forces.

Modeling, Geometry, and Anthropometric Data

To have an accurate dynamic model of a specific subject, anthropometric data must

be obtained accordingly. The mass properties of the upper body were extracted from

[218], while coefficients of the regression equation y = b0 + b1 × BM + b2 × BH

necessary for estimating the anthropometric data of the lower limb were taken from

[219]. This equation relates the segment mass properties (y) to the body mass (BM)
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Figure 5.3: Definition of joint angles in the model. Five DoF is considered for the
lumbar spine (γL5, γL4, γL3,γL2,γL1), two for the thoracic spine (γT12, γT6), and three
for lower body (γhip, γknee, γankle).

and height (BH) of subjects. Furthermore, the mass assignment for different body

segments are listed in Table 5.3, and the center of mass (COM) for each segment of

the upper limb was the proposed COM from [220]. Lastly, the length of each body

segment was extracted from the motion capture experiment measurements for each

individual subject.
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Table 5.3: Anthropometric data for participant 2.

Body part Mass (Kg) Iz(Kg.m2)
Shank 5.22 0.0567
Thigh 6.28 0.0875
Pelvis 7.84 0.0060
L5-L4 2.65 0.0013
L4-L3 1.98 0.0011
L3-L2 2.36 0.0018
L2-L1 2.05 0.0014
L1-T6 8.62 0.0191

T6-Head 7.22 0.0393
Total body Mass (kg) 61.62 -

5.3.4 Optimization and Predictive Simulation

A dynamic predictive simulation can be used to gain insight into how spine stiffness,

spine fusion surgery, and aging influence the outcome of a THA surgery. To achieve

this, an optimal control approach is employed with a dynamic human model to

predict sit-to-stand motion. Symbolic dynamic equations extracted from MapleSim

are utilised to compute exact gradients and boost numerical convergence. Trajectory

optimization is employed to discretise the continuous movement, and to predict joint

angles in each step. OptimTraj, a MATLAB [MathWorks, R2022b, U.S.A] library

designed for continuous-time single-phase trajectory optimization problems, was used

[221]. Different methods can be used to solve such problems [151, 221], with the direct

collocation method being employed in this research. Symbolically-extracted equations

of motion from MapleSim were applied to the method as dynamic constraints, forming
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a general optimisation problem of the following form:

min
x(t), u(t)

JB (t0, tf , x (t0) , x (tf )) +

∫ tf

t0

JP (τ,x (τ) ,u (τ)) dτ (5.8)

Subject to the following constraints:

ẋ (t) = f (t,x (t) ,u (t)) System dynamics

Cp (t,x (t) ,u (t)) ≤ 0 Path constraints

CB (t0, tf , x (t0)x (tf )) ≤ 0 Boundary constraints

x− ≤ x(t) ≤ x+ Bounds on states

u− ≤ u(t) ≤ u+ Bounds on controls

t− ≤ t0 < tf ≤ t+ Bounds on initial and final time

x−
0 ≤ x(t0) ≤ x+

0 Bounds on initial state

x−
F ≤ x(t) ≤ x+

F Bounds on final state

where JB are the boundary conditions, and the integral part (JP ) represents the cost

function for this optimization along the motion. The cost function that has been

used in our trajectory optimization is:

JP =
n∑

i=1

∫ tf

t0

(
ui

umax
i

)2

+
n∑

i=1

∫ tf

t0

wi
...
xi

2
, (5.9)

where n = 10, ui are joint torques,
...
xi are joint jerks (the derivative of joint accel-

eration), and wi are weights. The selected cost function, emphasizing normalized

joint torques with additional weighted factors of velocity and jerk, yielded the lowest

error rates in predicted joint angles when compared to motion capture data. This

superior performance was determined through a systematic process of tweaking and

evaluating various combinations of joint torques, velocities, and jerks. Initially, a
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simple normalized joint torque was used as a baseline, then velocities and jerks

were incrementally integrated with adjusted weights. This approach revealed that

minimizing energy through normalized joint torques, while also considering excursion

via weighted normalized joint jerk, most accurately reflected the experimental results.

To define the sit-to-stand motion, initial and final states, which are extracted from

motion capture data, were imposed to the problem and the trajectory of motion was

predicted.

There are various approaches for solving continuous-time single-phase trajectory

optimization problems. In this research, a direct collocation method has been adopted.

This method is particularly advantageous due to its discretization of the problem,

which translates the trajectory optimization problem into a nonlinear problem [221].

The number of discretization points is a key factor that influences the accuracy and

reliability of the solution. Thus, a convergence analysis was conducted to assess

the variation in the results after changing the discretization points and ensuring

convergence.

5.3.5 Effects of Different Spinal Conditions

Three different spinal conditions were assumed in the model and the sit-to-stand

motion was simulated in each condition.

1. Normal spine: The first assumption is subjects with normal spine stiffness.

For this category, the joint angle results from the predictive simulation were

compared to the results from the motion capture experiment (healthy subject

with normal spinal condition) to validate the model. After the model is validated,

two other spinal conditions are applied in the model to predict the effects of
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spine fusion and different spine stiffness on lower limb motion.

2. Fused spine: Different levels of spinal fusion were assumed in the model

according to a clinical report on the prevalence of fusion at different levels [21].

The fusion is modeled by considering some limitation on the range of motion of

spinal joints (i.e., S1-L5, L5-L4, L4-L3, L3-L2). For the fusion at each level, we

limited the range of motion for that specific joint to 1-2 degrees to represent

the effects of fusion. For example, if the fusion is assumed at L5-L4 and L4-L3

levels, the range of motion for these two joints are limited in the predictive

simulation. Some studies reported that sacrum involvement in a spinal fusion

would cause more spinal stiffness [27]. Therefore, a comparison is provided by in-

cluding and excluding the sacrum from the spinal fusion in the simulated motion.

3. Anatomical or aged stiff spine: The mechanical properties of ligaments,

muscles, and IVDs can be changed due to aging or IVD degeneration. According

to some research on how aging [204, 222] and degeneration [205] would change

the mechanical properties of these elements, we modified the spine stiffness in

our model by applying these changes in the model to see how a stiff spine would

affect pelvic tilt and lower limb motion. We have increased the spine stiffness

properties of the ligaments and IVDs by 50% [204, 222] to model the spine with

higher stiffness. The values of parameters in Eq. 5.2 and Eq. 5.5 (describing

the stiff spine) are reported in Table 5.4.

5.3.6 The Effect of Anterior and Posterior Pelvic Tilt

Pelvic tilt is an essential aspect of postural evaluation and musculoskeletal health,
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Table 5.4: Parameter values describing nonlinear behavior of ligaments and IVDs
(Eq.5.2 and Eq.5.5) for stiff spine

a (N) b (m) c (N) d (m)

ALL 261.750 −9.060 −36.795 5.625
PLL 78.182 −42.971 −3.750 15.002
FL 68.026 4.310 80.749 −10.251
CL 141.501 19.271 −121.881 71.521
ISL 0.663 −3.612 0.000 0.024
SSL 1.8195 −21.971 0.000 1.372

SSL neg −77.148 −35.000 −0.042 4.718

p1 (N.m) p2 p3 (N.m) -

Flexion 14.268 0.006 −2.284 -
Extension 7.708 0.008 35.433 -

which can be quantitatively assessed by measuring the angle formed by a line drawn

between two anatomical landmarks: the Anterior Superior Iliac Spine (ASIS) and the

Pubic Symphysis as shown in Figure 5.4.

A neutral pelvic tilt is indicated by an ASIS-to-pubic symphysis angle almost

zero, which means that ASIS is co-planar with pubic symphysis to the vertical. This

reflects a balanced alignment of the pelvis, which supports optimal load distribution

across the musculoskeletal system and is considered ideal for spinopelvic health and

functional movement efficiency[223].

Anterior Pelvic Tilt (APT) occurs when the pelvis tilts forward, causing the

ASIS to descend relative to the pubic symphysis. This is quantified by an increased

ASIS-to-pubic symphysis angle, typically positive degrees. APT is often associated

with a hyperlordotic lumbar curve and can be linked to muscle imbalances, such as

tight hip flexors and weak abdominals [224].

Posterior Pelvic Tilt (PPT) is characterized by a backward rotation of the pelvis,
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Figure 5.4: Definitions of neutral (left), anterior (center), and posterior (right) pelvic
tilt conditions.

elevating the ASIS relative to the pubic symphysis and creating a negative ASIS-

to-pubic symphysis angle. This condition is often related to tight hamstrings and

weakened hip flexors and lumbar extensors, leading to a flattened lumbar curve

[223, 224].

Recent studies have elucidated the impact of the different types of pelvic tilt

conditions on spinopelvic and lower-limb dynamics [13, 225]. These findings are

particularly relevant in Total Hip Arthroplasty (THA), where pelvic tilt orientation

(i.e., posterior or anterior) necessitates tailored cup placement strategies for optimal

outcomes. In cases of posterior pelvic tilt, there is an elevated risk of anterior

impingement and posterior dislocation. Consequently, clinical guidelines suggest an

increased anteversion angle for the cup implant in such scenarios [226]. Conversely,
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for patients exhibiting anterior pelvic tilt, there is a heightened risk of posterior

impingement and anterior dislocation. In these instances, it is advisable to reduce

both the anteversion and inclination angles of the cup implant to mitigate the risk of

impingement [227].

To the best of our knowledge, no existing study has evaluated the combined

effects of pelvic tilt and spinal stiffness within the context of predictive simulation.

This research gap has inspired our investigation, wherein we employ a predictive

model to simulate the sit-to-stand motion under various scenarios: distinct pelvic

tilt conditions and combined conditions of fused spine and pelvic tilt. We intend to

analyze and optimize acetabular cup orientation for each specific spine-pelvis scenario

using the impingement analysis method, detailed in Section 5.3.7.

5.3.7 Impingement Analysis and Implant Positioning Opti-

mization

A practical application of the developed predictive model is as a tool to address

different patient-specific scenarios by optimizing implant positioning and orientation

in THA surgery. One of the main reasons for patient dissatisfaction or artificial

hip joint dislocation after THA surgery is implant impingement. To optimize cup

positioning and orientation in THA surgery, one of the main criteria is to avoid

implant impingement. Following a similar definition proposed by [228], and the

criterion introduced by [229], an optimization approach can be used to maximize the

angular distance between the stem on the femoral component and the edge of the

acetabular cup, in order to avoid any impingement. This angular distance, henceforth

referred to as the “Angular Impingement Distance (AID)”, can be calculated using
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Figure 5.5: The simulation model (center), including detailed spine model (left) and
AID impingement definition (right).

the following equation:

θAID =
π

2
+ α− sin−1

(
dneck
dhead

)
− ϕstem (5.10)

where α is the constant cup opening angle, dneck, dhead are the diameters of the neck

and head of the femoral component, and ϕstem is a varying angle between the stem

and the cup’s axis of symmetry, marked by unit vector n̂ (Fig. 5.5). If the AID

is greater than zero, there is no impingement; however, if it’s negative, it indicates

implant impingement.

To prevent implant impingement, we should maximize the angular distance

(θAID) calculated from Eq.5.10 at every instance of the motion. To achieve this, an

optimization technique is employed to maximize the minimum AID during the motion.

This approach ensures that the cup component and femoral implant (stem) are kept
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at their maximum possible distance throughout the motion.

argmax
βAnt,βInc

(
min

t0<t<tf
θAID (t, βAnt, βInc)

)
(5.11)

subjected to:

βIncMin ≤ βInc ≤ βIncMax

βAntMin ≤ βAnt ≤ βAntMax

where βAnt, βInc are the radiographic cup anteversion and inclination angles, respec-

tively as defined by [4] (Figure 5.6).

Figure 5.6: Radiographic anteversion (βAnt) and inclination (βInc) [4]. The Inter-
national Society of Biomechanics (ISB) standard is used to define the pelvis local
coordinate frame, origin at hip joint centre [230]

The predefined values used for βIncMin, βIncMax, βAntMin, and βAntMax are obtained

from clinical research [21, 202], and βInc and βAnt have been optimized for patients

with different spinopelvic mobility and stiffness. The reason that we are more focused
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on the anteversion cup positioning angle is that in the sagital motion, different spine

stiffness would change the relative pelvic tilt. Some studies in the literature showed

that every 1◦ of change in pelvic tilt would resulting the acetabular anteversion (βAnt)

to be changed by 0.7◦ − 0.8◦ and only 0.2◦ − 0.3◦ change in the acetubular inclination

(βInc) angle [231, 19, 88].

5.4 Results and Discussion

5.4.1 Validation of Lumbar Spine Functional Unit and Pre-

dictive Dynamic Model

Two experiments have been used to assess the accuracy of the predictive model’s

kinematic and dynamic performance. To begin, an in-vitro experiment [232] from

the literature was used to validate the detailed spine dynamics model. The inverse

dynamic model of the functional spine unit was employed to calculate the mechanical

response of the unit to the loading conditions reported in the literature. The range

of motion of the unit under bending moments of 5 Nm and 10 Nm for flexion and

extension was then evaluated and compared to the model results listed in Table 5.5.

Validation of the functional spine dynamic model using an in-vitro experiment to

perform different loading conditions, and comparing the resulting range of motion

between the model and literature, showed that the model is capable of predicting the

spine range of motion.

The second step involved comparing the resulting motion from the predictive

simulation to the motion capture experiment explained in Chapter 4. As discussed

previously, the detailed spine unit was used to develop a human predictive dynamic
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Table 5.5: Validation of the functional spine dynamic model using in-vitro experiment
performing different loading condition and comparing resulting range of motion
(ROM) between the model and literature [232].

ROM Flex (Model) Flex (Exp) Ext (Model) Ext (Exp)

Bending moment [5 Nm] 7.3◦ 5.5− 11.5◦ 5.2◦ 2.5− 6.5◦

Bending moment [10 Nm] 9.7◦ 7− 15.5◦ 6.3◦ 5− 12.5◦

model. The joint angle results from the human dynamic model were compared to

those of the motion capture experiment for the corresponding subject, as shown in

Fig 5.7. The difference between experimental and numerical results is mostly due

to the fact that the markers were placed on the skin, meaning that the relative

motion of the skin on the joints affects the resulting joint movements captured by the

motion capture system. Also we could not use more markers on the spine due to very

close distances between vertebrae and because the tracking of markers during the

experiment can be difficult because of occlusion and overlapping of reflective signals.

The prediction error for each joint (compared to the mean value of the motion capture

joint angle results for subject 2) was calculated using the Root Mean Square (RMS)

error formulation as:

RMSE =
1

ng

ng∑
i=1

√(
q
(opt)
i − q

(exp)
i

)2

(5.12)

where qopt is the predicted joint angle in each grid point, qexp is the experimental

result, and ng = 80 is the number of grid points in the optimization (Table 5.6).

Comparing the ROM for each joint and the calculated RMSE in Table 5.6, we

can see that the error for spinal joints, particularly the upper ones, is greater than

that of lower limb joints. This is mainly attributed to the presence of soft tissue and

skin effects that are more pronounced on spinal joints. However, the results for lower
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Figure 5.7: Validation of the predictive model using the results from motion capture
experiment for subject 2.

Table 5.6: RMS error for each joint angle for subject 2

Joint Knee Hip L5 L3 L1 T6
ROM [degree] 95 98 35 12 9 10
RMSE [degree] 0.24 0.83 1.94 0.31 0.86 1.24

limb joints are encouraging.

5.4.2 Prior Spine Fusion Surgery and the Risk of Hip Dislo-

cation in a THA Surgery

Effect of Spine Fusion Surgery on Spine Stiffness

Spinal fusion is a surgical process in which two or more levels of the spine vertebrae are

fused together to reduce or eliminate movement between them. This process makes
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the spine stiffer, consequently decreasing the contribution of the spine in motions such

as sit-to-stand. Subsequently, the hip joint must compensate for the lack of mobility

of the spine, leading to an increased ROM in the hip joint angle and an increased risk

of impingement. Employing the predictive human dynamic model, fusion has been

integrated into different levels of the spine. Figure 5.8 illustrates the results for the

simulation of the sit-to-stand motion for normal and stiff spines. A comparison of

hip joint angle, PT, and LL trajectories is depicted in this figure, demonstrating how

a stiff spine, with less contribution of the spine in the motion (i.e., less LL variation),

affects PT and hip joint angle in different cases. It is evident that for subjects with

stiff spines, the pelvis must compensate for the lack of contribution of the lumbar

spine in the sit-to-stand motion, causing the pelvis to have a more forward tilting

in the middle of the motion (15-30% of motion) as well as less backward tilting at

the end of the motion (80-100% of motion). This could lead to an increased risk of

anterior impingement and posterior dislocation in the midst of a sit-to-stand motion,

as well as an increased risk of posterior impingement and anterior dislocation at the

end of the sit-to-stand motion or during a bending forward motion, which is more

common in such spinal conditions [203].

Spine Stiffness and Different Levels of Spine Fusion and Predicted Effects

on THA Outcome

Vigdorchik et al. [21] evaluated THA outcomes for 3777 patients and found that

over 53% of the study population had a stiff spine or malalignment. The research

demonstrated the breakdown of patients with a stiffer spine resulting from fusion

surgery to different levels of fusion, but did not provide any specific guidelines for each

level of fusion in the spine. In response to this, our predictive simulation revealed
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Figure 5.8: A comparison of the predictive model results for the normal, stiff, and
fused spine in different levels.

that different levels of fusing can have different effects on lower limb motion and

hip ROM, as depicted in Fig. 5.8. Comparing the pelvic tilt (PT) and lumbar

lordosis (LL) in the predicted motion of normal and fused spinal conditions revealed

distinct spinopelvic motion patterns. There is a condition that patients may have

an anatomically stiff spine along with a long fusion, which considered as a worst

case scenario. As depicted in Figure 5.9, in the fused-stiff spine condition, while

the LL remains constant, the pelvis tilts more forward during the mid-phase of the

motion (lift-off phase) to compensate for the reduced spinal contribution, and tilts

less backward at the conclusion of the motion (standing phase). This alteration in

pelvic tilt increases the risk of implant impingement, a concern we delve into further
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Figure 5.9: Comparison of predictive model motion results for the spine and pelvis
in normal (solid shape and lines) and stiff-fused (worst-case scenario, anatomically
stiff spine along with a long fusion including S1-L5-L4-L2) (transparent shape and
dashed lines) conditions during two phases of sit-to-stand motion: A) Lift-off phase,
B) Standing phase.

using the angular impingement distance (AID) metric. This motivated us to further

evaluate different levels of fusion, sacrum involvement, anatomically stiff and fused

stiff spines, in combination with an impingement analysis, to gain an understanding

of the effects on THA outcomes. In the following sections, we present the findings of

our impingement analysis considering cup orientation in Lewinnek’s safe zone, as well

as provide surgical recommendations for various spinal conditions through a dynamic

motion analysis and cup orientation optimization.

5.4.3 Impingement Analysis Results: Is The “Lewinnek safe

zone” Really Safe?

By utilizing the method for the analysis of implant impingement (Eq.5.10), we tracked

the risk of impingement during a sit-to-stand motion for both healthy and fused spine

subjects for the βInc and βAnt values within the Lewinnek safe zone. The AID metric
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was calculated considering all possible combinations of proposed cup anteversion and

inclination by Lewinnek, which are 5◦ ≤ βAnt ≤ 25◦, 30◦ ≤ βInc ≤ 50◦ [25]. The AID

trajectories are shown in Figure 5.10 during the motion.

The most critical inclination and anteversion values (min[AID]) within the Lewin-

nek safe zone for both subjects was depicted and the AID trajectories and hip joint

angle during the motion are shown in Fig. 5.11. Thus, cup positioning with antever-

sion and inclination proposed as “Lewinnek safe zone” is not necessarily safe for all

patients who undergo THA surgery. Consequently, a dynamic motion analysis and

cup orientation optimization is required to avoid implant impingement after THA

surgery. There are other research in the literature that address this issue using inverse

dynamic models. For instance, Widmer et al.[181] introduce an approach that takes

into account both cup and stem orientations, recognizing the limitations of the static

assessment employed in the traditional Lewinnek safe zone. The results of the study

highlight that the combined target zones for impingement-free cup orientation exhibit

polygonal boundaries. Notably, the size and position of these zones are found to

be contingent on specific parameters, including neck-shaft angles, stem anteversions,

and radiographic cup anteversions. These findings underscore the intricate interplay

between design and implantation parameters in achieving optimal outcomes in THA.

5.4.4 Cup Implant Orientation Optimization

The predictive human motion model offers the potential to perform preoperative

planning for patients with varying spine conditions. Several clinical studies have

proposed modifications to the proposed inclination and anteversion angles suggested

by Lewinnek [21, 14, 109]. However, using the same treatment approach in THA

surgery for patients with varying spinal mobility and stiffness can increase the risk of
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Figure 5.10: Impingement analysis results evaluating Lewinnek safe zone for the
predicted motion of healthy (A) and stiff spine (B) subjects. The 3D contour
graph (left) shows all possible combinations of anteversion and inclination angles
and calculated AID values during the motion. To provide a better insight, some
instances of motion are shown as 2D contour graphs (right). The lower the values
of AID, the more risk of impingement (AID = 0 means the impingement occurred).
While healthy spines (graphs above the line) have no close-to-zero AID values, the
stiff spine subject (bottom) has some zero or sub-zero values (t = 0.6s) indicating a
potential moment of impingement.

impingement for those who have had prior surgery or have stiff spines. Our numerical

approach (AID calculation throughout the motion) in Fig. 5.12.A illustrates this risk.
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Figure 5.11: Impingement analysis for healthy and fused spine subjects, showing that
AID could be less than zero for a fused spine subject (impingement occurred), at
critical values for inclination and anteversion that are within the Lewinnek safe zone.

For this impingement analysis, the recommended βInc and βAnt values for normal

mobility by Vigdorchik [21], βInc = 42◦ and βAnt = 23◦, were adopted for all subjects

using implant parameters reported in Table 5.7. As seen in in Fig. 5.12.A, this

configuration of βInc and βAnt angles placed patients with stiffer spine or fused spine

at a higher risk of impingement, especially when changing from a sitting to standing

position (30-40 % motion). This critical moment for impingement was obtained our

experimental results (Fig. 4.7) and predicted motion results (Fig. 5.7).

The higher risk of implant impingement (i.e., the closer the trajectories are to

the impingement area) for fused and stiff spine patients without any modification

in inclination and anteversion angles, as demonstrated in Fig.5.12.A, motivated us

to introduce a new patient categorization (Fig.5.13) and devise an optimization
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Table 5.7: Implant Parameters Used in Simulation Studies [233]

Parameter Value
Head diameter (dHead) 28 mm
Neck diameter (dNeck) 12 mm

Cup opening (α) 180◦

Neck-shaft angle 130◦

Stem flexion 3◦

Stem adduction 5◦

approach to determine patient-specific cup positioning angles based on different spine

conditions. To that end, we utilized the optimization approach outlined in Eq. 5.8 to

calculate optimized values for cup orientation for each spinal condition (Table 5.8).

The impingement analysis for the optimized values of anteversion angle is presented

in Fig.5.12.B. As can be observed, the optimized values of anteversion angle ensure

that the AID trajectories for different spinal conditions (i.e., normal, anatomically

stiff and a L5-L4-L3 fusion) remain far from the impingement area (i.e., AID ≤ 0),

compared to using mean values of anteversion angles that have been recommended

in the literature(Fig.5.12.A) [21]. The results for the optimized values in different

spinal conditions are shown in Table 5.8 and compared to the clinically recommended

values by Vigdorchik et al. [21].

The results of the subject-specific optimized values of cup anteversion angle are

presented in Table 5.8. To the best of our knowledge, this is the first prediction of

subject-specific cup component anteversion values for different spinal conditions. We

compared the results of our predictive model (the optimization of cup orientation) with

clinical recommendations for subjects in the same category as we defined. From Table

5.8, the results of our model-based optimization approach have a good correlation

to what has been suggested for the same categories of patients. Our subject-specific
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Figure 5.12: Implant impingement analysis for A: recommended values of βInc and
βAnt in the literature for normal spine subjects and B: optimized values for each
spinal condition to avoid impingement; the more distance the trajectories have from
the solid circular impingement area (higher AID values), the safer patients are from
implant impingement.

impingement analysis are for different spinal fusion levels. In contrast, the clinical

recommendations are based on general patient categorization of normal, deformity,

fused, and stiff [21, 202]. Comparing the minimum AID values in the last two columns

of Table 5.8 reveals how the new patient categorization presented in this research

helps decrease the risk of impingement after THA. Comparing the last two columns

of Table 5.8, the more discrepancy between the calculated AIDs for different spinal

conditions (optimized values and literature) can be found for the fused spine in

different levels, particularly where the sacrum is involved in the fusion. While some

simulation values align with the existing literature (e.g., the first row of Table 5.8
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Figure 5.13: A new categorization of patients who are possible candidates to be
preoperatively monitored using predictive simulation for an optimal cup anteversion
positioning; N: normal stiffness and mobility, S: stiff spine, which has three sub-
groups: SA: spine stiffness due to aging or anatomical parameters (i.e. ∆SS < 10),
SF1: one or two levels of lumbar spine fusion, and SF3: three or more levels of lumbar
spine fusion. In the spine fusion condition, the sacrum engagement affects the results.

pertaining to normal spines), instances where optimized values diverge from clinical

reports suggest a potential reduction in impingement risk. It’s worth noting that

following clinical recommendations does not lead to an impingement, but it shows

a higher risk of impingement according to lower AID values in some cases. Our

calculated AID values (based on optimized cup anteversion) indicate a lower risk

with higher AID scores than the clinical recommendations. Furthermore, clinical

reports do not provide specific recommendations for each fusion level, relying instead

on general adjustments for fusion or stiff spine. This may explain the discrepancies

between our optimized values and established clinical practices. In fact, we propose

a reconsideration of patient-specific cup implant positioning to potentially enhance

outcomes in such cases. This indicates that making the patient categorization more
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Table 5.8: Comparison of the optimized (model) cup anteversion values for different
spinopelvic mobility and stiffness compared to the literature (lit) [21, 202]. The
results of fusions with (S1✓) and without (S1×) sacrum involvement are presented.
The literature values represent measurements taken one year after surgery, whereas
the target values are the benchmarks surgeons aimed for during the implant placement
procedure.

Spinal Type Anteversion Inclination AID

Model° Lit° [SD] Target° Model° Lit° [SD] Target° Model° Target°

Normal (N) 23 23 [19− 25] 20− 25 38 35 [30− 40] 30− 50 26.7 26.4
Anat. Stiff (SA) 28.8 28 [25− 33] 25− 30 40 42 [40− 45] 30− 50 20.9 19.8

Short Fusion:
S1✓, S1-L5 (SF1) 32 29 [21− 34] 20− 30 43 45 [40− 50] 30− 50 26 18.5
S1×, L3-L2 (SF1) 27 29 [21− 34] 20− 30 40 45 [40− 50] 30− 50 23 20.1

Long Fusion:
S1✓, S1-L5-L4 (SF3) 34 29 [21− 34] 20− 30 45 45 [40− 50] 30− 50 27 19.3
S1×, L5-L4-L3 (SF3) 30 29 [21− 34] 20− 30 45 45 [40− 50] 30− 50 24 19
S1×, L4-L3-L2 (SF3) 28 29 [21− 34] 20− 30 45 45 [40− 50] 30− 50 22.4 18.7
Fused-Stiff (S1✓),

38 32 [22− 40] 25− 35 48 47 [45− 50] 30− 50 28.5 20.3
S1-L5-L4 (SF3, SA)

subject-specific, as we did in this research, can help to have a better preoperative

planning that can lead to a better outcome after THA surgery. We have also compared

the results with the modified impingement free combined target zone (safe zone) that

is presented by Widmer et al. from their model-based analysis [181]. Our optimized

cup anteversion angle shows congruence with the proposed combined target zone,

particularly aligning with the 23◦ to 40◦ range suggested for the anteversion angle of

a fused-stiff spine. Notably, our results also fall within this specified range.

Our findings indicate that a stiffer spine (either anatomically stiff or fused) leads

to a noticeable alteration in pelvic tilt during motion (see Fig.4.7 and Fig.5.8).

Consequently, it is important to take into account revised orientation values for this

specific patient group. When comparing our results with literature on the influence of

pelvic tilt on the optimal cup anteversion angle [229], we observe that an increase in
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pelvic tilt necessitates higher values (≥ 25◦) for the cup anteversion angle to prevent

impingement, which is concluded in our results (Table 5.8). These values exceed the

range suggested by Lewinnek as the “safe zone”, underscoring the significance of our

patient-specific optimization approach.

5.4.5 Anterior and Posterior Pelvic Tilt and Optimal Implant

Placement

In this section, we analyze the impact of various pelvic tilt conditions, both with and

without spinal fusion surgery, on sit-to-stand motion using a predictive dynamic model.

Initially, the effects of anterior and posterior pelvic tilt were evaluated, excluding

cases with a stiff or fused spine. For this purpose we have considered 20◦ of anterior

or posterior pelvic tilt as the patient-specific case scenario.

As Table 5.9 and Figure 5.14 illustrate, neglecting pelvic tilt conditions in Total

Hip Arthroplasty (THA) and treating patients as if they were healthy individuals

using standard implant orientation values heightens the risk of impingement. Figure

5.14 demonstrates that disregarding specific pelvic tilt conditions and failing to

optimize anteversion and inclination angles accordingly increases impingement risk

(i.e., the closer the trajectories are to the impingement area). This figure also indicates

that optimizing these angles can significantly reduce impingement risk, as evidenced

by trajectories moving away from the impingement area.

The findings in Table 5.9 align with clinical recommendations to adjust the

anteversion and inclination angles in response to pelvic tilt variations—increasing

them for posterior pelvic tilt and decreasing them for anterior pelvic tilt to prevent

impingement, as suggested in [226, 227]. Our approach, however, provides specific

130



Table 5.9: Comparison of clinically recommended implant placement orientation values
with optimal values from our predictive model. Upward ↑ (increase) and downward ↓
(decrease) arrows indicate the necessary adjustments in implant orientation compared
to a healthy condition without anterior or posterior pelvic tilt.

Pelvic Tilt Neutral Anterior Posterior

Clinical
Inclination (◦) 40 40 40
Anteversion (◦) 23 23 23

Optimal
Inclination (◦) 40 38 ↓ 43 ↑
Anteversion (◦) 23 17 ↓ 33 ↑

Figure 5.14: AID trajectories for a normal spine (not stiff or fused) with anterior
or posterior pelvic tilt conditions. The left polar figure illustrates scenarios where
identical orientation values are applied, treating each case as a healthy subject. The
right graph displays AID trajectories using the optimized cup implant orientation.

optimal values for each pelvic tilt condition, rather than a general directive to increase

or decrease angles.

As highlighted in Section 5.4.4, spinal fusion impacts lower limb dynamics, ne-
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cessitating tailored optimization of cup implant orientation for each fusion level.

This prompted our evaluation of cases with concurrent spinal and pelvic disorders,

specifically spinal fusion accompanied by anterior or posterior pelvic tilt. Although

our model can simulate various fusion levels as detailed in Table 5.8, this section

focuses on long fusion involving the sacrum (S1-L5-L4) — a worst-case scenario.

we aim to understand how hip motion is altered and how to adjust hip implant

orientations optimally under these conditions.

Table 5.10: Clinically recommended values versus optimal values from predictive model
for cases with spinal fusion (S1-L5-L4) and anterior/posterior pelvic tilt. Upward ↑
(increase) and downward ↓ (decrease) arrows indicate the necessary adjustments in
implant orientation compared to a healthy condition without anterior or posterior
pelvic tilt.

Pelvic Tilt Neutral Anterior Posterior

Clinical
Inclination (◦) 40 40 40
Anteversion (◦) 23 23 23

Optimal
Inclination (◦) 45 ↑ 48 ↑ 41 ↑
Anteversion (◦) 34 ↑ 40 ↑ 27 ↑

Table 5.10 presents the optimized inclination and anteversion values for specific

spinopelvic conditions. Unlike the findings in Table 5.9, which recommend lower

anteversion and inclination angles for anterior pelvic tilt in normal spinopelvic

conditions, our model suggests an increase in these orientation values for cases with

anterior pelvic tilt in a fused spine. In stiff spine scenarios, particularly with long

fusion and either anterior or posterior pelvic tilt, an increase in orientation angles

is essential. However, in these stiff spine cases, the required increase in orientation

angles is smaller for anterior pelvic tilt than for posterior pelvic tilt. Figure 5.15

illustrates that utilizing these optimized orientations effectively shifts the trajectories

away from the impingement area, thus lowering the risk of impingement and potential
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dislocation.

Figure 5.15: AID trajectories for a fused spine (S1-L5-L4) with anterior or posterior
pelvic tilt conditions. The left polar figure illustrates scenarios where identical
orientation values are applied, treating each case as a healthy subject. The right
graph displays AID trajectories using the optimized cup implant orientation.

5.5 Conclusion

In this chapter, a predictive dynamic human model was proposed for preoperative

THA surgery planning. By offering predictive simulations that considered different

spinal conditions, the model was able to answer“what if” scenarios and evaluate the

impact of spine stiffness on lower limb dynamics. The preliminary results from the

simulations were encouraging, prompting us to conduct further studies, including

impingement analysis, to provide patient-specific suggestions for optimal acetabular

cup orientations. By utilizing optimization, this model represents a computationally-

efficient way to determine the best patient-specific cup orientation, while taking into
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account different spinal conditions and their effect on lower limb motion. This could

address a knowledge gap in the current clinical research and methodology on THA

surgery, especially considering the effect of flexible/stiff spine on lower limb motion

and different pelvic tilt conditions. The present method has several advantages

compared to the existing literature, as outlined below:

• Predictive model (no need for motion capture data): Predictive model-

ing offers advantages over inverse dynamic models [229], as it eliminates the

need for importing certain motions into the model before it can analyze the

dynamics. Instead, our approach utilizes forward dynamics, optimization, and

predictive simulations to circumvent this limitation.

• Spine flexibility: To the best of our knowledge, this is the first time spine

flexibility (e.g. spine stiffness, spinal fusion and aged or anatomically stiff

spines) has been examined in a predictive dynamic simulation with an aim to

assess its impact on lower limb motion and the success of THA surgeries.

• Hip-pelvis-spine relationship consideration: The predictive model allows

us to simulate different scenarios of spinal or pelvis disorders (e.g., cases with

both a stiff spine and abnormal pelvic tilt).

• Computationally efficient: Finite element analysis (FEA) simulations [188,

234] are known to be time-consuming and complicated. In contrast, the method

presented in this research is much faster as it is based on symbolic dynamic

equations. This makes it a practical choice for pre-operative applications as

well as for intra-operative ones.
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In conclusion, we have presented a predictive dynamic model, using an optimal

control approach, to produce preoperative plans tailored to various spinopelvic

conditions. Our findings suggest that a patient’s spine stiffness can be taken into

account when creating preoperative plans, as it is affected by age, anatomy, or fusion.

Our model underscores the need to evaluate different levels of spinal fusion to offer

patient-specific recommendations for cup orientation. It also emphasizes the critical

importance of considering hip-pelvis-spine relationships in pre-operative planning.

The findings in this chapter suggest that overlooking the effects of pelvic tilt or

spinal fusion in surgical planning may lead to sub-optimal cup implant orientation,

increasing the risk of impingement and subsequent dislocation.However, there are

some limitations of this model to be addressed in future studies, such as other factors

that should be considered for an optimal cup orientation, including soft tissues,

implant design, body impingement, edge loading, and muscle contribution. Other

limitations of this study will be discussed in Chapter 6.
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Chapter 6

Conclusion

This thesis research addresses two critical objectives aimed at enhancing Total Hip

Arthroplasty (THA). The first objective centers on the introduction of an efficient

anatomical landmark detection algorithm, known as the “LanDet” deep learning

model, detailed in Chapter 3. This innovation not only streamlines the extraction

of spinopelvic metrics, thus saving valuable time for surgeons, but also ensures a

consistent level of accuracy across practitioners. Additionally, it lays the groundwork

for a more efficient patient categorization system, which plays a crucial rule in choosing

the surgery procedure accordingly.

The second objective focuses on the optimization of cup implant orientation, taking

into account factors such as spine stiffness, pelvic tilt, and spinopelvic metrics. This

optimization aims to enhance the outcomes of THA surgery and mitigate the risks of

post-operative implant impingement or dislocation. To achieve this, we conducted

two case-study experiments, detailed in Chapter 4, employing both motion capture

and pre-operative radiographic analysis. These experiments provided insights into

how varying spinopelvic conditions impact lower limb motion during a sit-to-stand
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motion.

Building on the findings from our experiments, Chapter 5 introduces a multibody

dynamic human model with detailed spine elements. This model takes into account

the categorization that can be derived from the landmark detection method described

in Chapter 3, as well as the different spinopelvic conditions discussed in Chapter 2

and observed in our experiments in Chapter 4. The resulting motion data is then

leveraged to optimize cup implant orientation, employing the Angular Impingement

Distance (AID) metric and tailoring the positioning to each patient-specific spinopelvic

condition.

This end-to-end approach, starting from X-ray images and employing predictive

simulation to refine cup implant orientation, not only alleviates the burden of anno-

tating pre-operative X-ray images for surgeons, but also can enhance the precision of

THA surgery, particularly in cases involving a stiff spine or spinal fusion. Ultimately,

the outcomes of this study contribute to increase a patient satisfaction following THA,

while concurrently delivering notable time and cost savings to healthcare systems.

The following paragraphs provide a summary of the results and contributions

made in each chapter:

• Chapter 3 introduced a novel approach called “LanDet” for detecting land-

marks as objects, emphasizing their relational geometrical constraints in a

physics-informed approach. Using this method, we trained a deep learning

model to extract five important spine and pelvis measures: Sacrum Slope (SS),

Pelvic Tilt (PT), Pelvic Incidence (PI), Lumbar Lordosis (LL), and Sagittal

Vertical Axis (SVA). The model’s performance was assessed by comparing

its results against a manually-labeled test dataset and the same measures
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annotated independently by three surgeons. Evaluation metrics, including

Mean Absolute Error (MAE), Standard Deviation (SD), and R Pearson cor-

relation coefficient, yielded results of high accuracy: [SS◦ : 3.2(2.7), R =

0.89], [PT ◦ : 1.3(1.1), R = 0.98], [PI◦ : 4.2(3.1), R = 0.93], [LL◦ : 5.1(6.4), R =

0.86], [SV A(mm) : 2.1(1.9), R = 0.98]. We used the intraclass correlation

coefficient (ICC) to assess the model’s reliability, demonstrating consistent

performance with surgeons, surpassing what was previously reported in the lit-

erature, highlighting the effectiveness of the physics-informed constraint method

employed in our landmark detection as an object algorithm. Additionally, we

addressed the limitations of heatmap-based methods for anatomical landmark

detection, as well as resolving issues related to mis-identification of similar or

adjacent landmarks.

• Chapter 4 presented the results of our experimental motion capture and

X-ray analysis, shedding light on the influence of various spine properties and

spinopelvic relationships on pelvic tilt (PT) and hip range of motion (ROM).

We found that changes in pelvis and lower limb motion resulting from different

spine types and spinopelvic parameters could impact the risk of impingement or

dislocation post-surgery. Notably, our X-ray data analysis revealed that patients

with restricted spine movement (∆LL < 20◦) experienced limited pelvic motion

(∆PT < 10◦), and all patients with a stationary pelvis (∆PT < 10◦) showed

restrictions in the change of LL (∆LL < 20◦). Motion capture analysis offered

dynamics insights compared to static X-ray analysis. Our aim was not to

replace X-rays but to underscore the added value of dynamic motion analysis,

especially in identifying subjects with spine stiffness that might be missed in

static X-ray studies. Consequently, our dynamic motion analysis highlighted the
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importance of tracking changes in hip joint angle and spinopelvic measures (LL

and PT) during motion, offering crucial information for pre-operative planning

and improving total hip arthroplasty (THA) surgery outcomes.

• Chapter 5 introduced a novel predictive dynamic modeling approach, fea-

turing a multibody human model with nonlinear spinal elements, validated

through in-vitro experiments and motion capture. This model, integrated with

optimal control techniques, simulated human sit-to-stand motion across various

scenarios, including normal, fused, and stiff spines. We demonstrated that

spine stiffness significantly influenced lower-limb motion and the risk of implant

impingement. By examining different scenarios of spine stiffness, such as spinal

fusion in different vertebrae levels or anatomical stiffness, We calculated the

optimal acetabular cup orientation based on implant impingement criteria. Our

preliminary optimization results suggest adjustments in the anteversion cup

angle, from 23◦ (normal spine) to 29◦ for an anatomically stiff spine, and within

the range of 27− 38◦ for fused spines, depending on the level of fusion. This

pioneering research provides valuable insights into spine flexibility in diverse

scenarios and its impact on lower limb motion, with potential applications in

enhancing THA surgical planning and reducing the risk of hip impingement or

dislocation post-surgery.

6.1 Summary of Contributions

The thesis research has made significant contributions, which can be summarized as

follows:

1. Identifying The Importance of Dynamic Motion Analysis: This study
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pioneers a comparative analysis between the traditional pre-operative method

using X-ray images, motion capture analysis, and predictive simulation. This

analysis revealed the necessity of dynamic motion analysis in studying hip

biomechanics, laying the foundation for understanding distinct motion patterns

in individuals with varying spinal conditions.

2. The Effect of Spine Stiffness on THA: We have thoroughly investigated

the impact of spine stiffness on lower limb dynamics and hip biomechanics.

Our findings shed light on the relationship between spinal conditions and the

performance of total hip arthroplasty (THA), offering valuable insights for

orthopedic surgeons and researchers alike.

3. Innovative Landmark Detection and Anatomical Constraints: We

have introduced a novel single-stage object detection method for landmark

detection, representing landmarks as objects. Additionally, our physics-informed

anatomical constraint approach addresses critical challenges in the field.

4. Addressing Mis-Detection of Adjacent Landmarks: Our research suc-

cessfully tackles the issue of mis-detection of adjacent landmarks, a problem

previously documented in the literature. This advancement contributes to more

accurate anatomical landmark detection and surgical planning.

5. Development of Clinical Guidelines: We have developed a set of clinical

guidelines that can aid healthcare practitioners in making informed decisions

about the THA surgical approach for patients with specific spinal conditions.

These guidelines have the potential to enhance the quality of care and treat-

ment outcomes, according to more quantified recommendation for hip implant

positioning in contrast to more generalized guidelines provided by previous
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clinical investigations.

6. Optimized Cup Implant Orientation for Different Spinal Conditions:

We have introduced a fully predictive simulation approach to optimize cup

implant orientation based on different spinal conditions. This approach has the

potential to advance surgical planning, particularly in cases of spinal fusion or

stiff spines.

7. Patient Categorization through Predictive Simulation: We have de-

veloped a method to categorize patients using predictive simulation and cup

implant orientation optimization, providing a more robust and quantifiable

approach compared to traditional clinical methods.

8. Sacrum Involvement in Fusion and Lower Limb Motion: Our research

highlights the importance of sacrum involvement in fusion and its significant

effects on lower limb motion. This insight has implications for surgical decision-

making and post-operative rehabilitation.

9. Short Versus Long Spinal Fusion and Cup Orientation: We have

identified and quantified the differences in optimal cup orientation between

short and long spinal fusions. This knowledge can guide surgical strategies for

patients with varying extents of spinal fusion.

10. End-to-End Patient-Specific Cup Implant Orientation: We propose

an end-to-end approach for suggesting patient-specific optimized cup implant

orientation, starting from X-ray images and ending with an optimized cup

implant orientation, offering a personalized solution for enhanced surgical

outcomes.
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6.2 Limitations of Current Study and Future Work

Recommendations

In this section, we outline the key limitations of our research. These include challenges

encountered in the development of the deep learning model for extracting spinopelvic

measures, as discussed in Chapter 3. Additionally, we address difficulties faced during

the development and validation of the human predictive simulation model, which

were presented in Chapters 4 and 5. To offer insights for future research endeavors,

we also propose some guidelines on how to effectively tackle these challenges.

• The foremost limitation requiring consideration is the data availability for

LanDet. It is anticipated that a more extensive training dataset would result

in enhanced model performance. Although the model exhibited robustness in

identifying landmarks even in challenging cases, refining the precision of these

identifications could be achieved by augmenting the dataset with more images

from patients presenting abnormalities or spinal implants.

• The effectiveness of the introduced physics-informed constraint approach has

been confirmed through its successful implementation in our object detection

approach (LanDet). Given the notable enhancement in detection accuracy

demonstrated by the results, it is advisable to extend the application of this

method to other keypoint detection algorithms for improved performance.

• The motion capture study was limited to a homogeneous participant pool

of young, healthy males, omitting the evaluation of varied anthropometric ,

sex, age ranges, and spinopelvic conditions. Future research should broaden

participant diversity to address these gaps.
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• The dynamic models here have been validated for healthy subjects only. The

validated model then is used to study different spinal condition in a predictive

simulation approach. For future experimental validation, including patients

with different spinal conditions undergoing THA surgery is recommended.

• We cross-validated the optimized cup orientation and stiffness parameters

derived from predictive simulation and patient categorization using our deep

learning model. However, it’s important to note that we did not validate the

modified stiffness parameters applied to patients with a stiff spine. This is

because we lacked X-ray images for specific patients to assess both stiffness

and spinal fusion, as well as to compare the optimized cup orientation for those

particular cases.

• Motion capture has been used to obtain dimensions and kinematic validation,

but it has its own inherent drawbacks, as soft tissue (skin motion) artifacts may

affect the accuracy of joint angles calculated from motion capture experiments.

For future studies, we suggest using videofluoroscopy images that can provide

more accurate motion and segment geometry.

• We have limited the motion in a sagittal plane, as we only studied sit-to-stand

motion, in our predictive simulation. This causes limitations for activities

other than sit-to-stand to be included in this study. For future studies, three

dimensional movement can be included by adding more DoF to the dynamic

model.

• Although we introduce the predictive optimization approach as a tool to evaluate

a wide rage of scenarios, we did not investigated model sensitivity to human

subject size and gender. Research on how body mass index or posture-related
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disorders affects results are suggested for future studies.

• The ligament insertion points were sourced from the existing literature. Con-

ducting an in-vitro experiment or using MRI images could enhance the accuracy

of these insertion points.

• In this study, we did not incorporate subject-specific muscle model parameters,

geometry, inertia, and stiffness. For a more accurate subject-specific analysis in

future studies, inclusion of these data is essential.

• The study employed a single implant design, which may limit the generalizability

of the findings to other designs.
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[32] Tomaž Vrtovec and Bulat Ibragimov. Spinopelvic measurements of sagittal

balance with deep learning: systematic review and critical evaluation. European

Spine Journal, 31(8):2031–2045, 2022.
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E Marel, M Solomon, S McMahon, and AJ Shimmin. Variation in functional

pelvic tilt in patients undergoing total hip arthroplasty. The Bone & Joint

Journal, 99(2):184–191, 2017.

[247] Andrew Stephens, Selin Munir, Siddarth Shah, and William Lindsay Walter.

The kinematic relationship between sitting and standing posture and pelvic

inclination and its significance to cup positioning in total hip arthroplasty.

International orthopaedics, 39(3):383–388, 2015.

183



[248] Cheng Chen, Weiguo Xie, Jochen Franke, PA Grutzner, L-P Nolte, and Guoyan

Zheng. Automatic x-ray landmark detection and shape segmentation via

data-driven joint estimation of image displacements. Medical image analysis,

18(3):487–499, 2014.
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Baré, Michael Solomon, Stephen McMahon, et al. Patient specific component

alignment in total hip arthroplasty. Reconstructive Review, 6(4), 2016.

[252] Anson Maitland. Nonlinear model predictive control reduction strategies for

real-time optimal control. University of Waterloo, 2019.

[253] Matthew Millard, Anna Lena Emonds, Monika Harant, and Katja Mombaur. A

reduced muscle model and planar musculoskeletal model fit for the simulation

of whole-body movements. Journal of Biomechanics, 89:11–20, 2019.

[254] Matthew J Weinstein and Anil V Rao. Algorithm 984: Adigator, a toolbox for

the algorithmic differentiation of mathematical functions in matlab using source

transformation via operator overloading. ACM Transactions on Mathematical

Software (TOMS), 44(2):1–25, 2017.

184



[255] Matthew Millard, Thomas Uchida, Ajay Seth, and Scott L Delp. Flexing

computational muscle: modeling and simulation of musculotendon dynamics.

Journal of biomechanical engineering, 135(2), 2013.

[256] Antonie J Van den Bogert, Thomas Geijtenbeek, Oshri Even-Zohar, Frans

Steenbrink, and Elizabeth C Hardin. A real-time system for biomechanical anal-

ysis of human movement and muscle function. Medical & biological engineering

& computing, 51(10):1069–1077, 2013.

[257] Michael Damsgaard, John Rasmussen, Søren Tørholm Christensen, Egidijus

Surma, and Mark De Zee. Analysis of musculoskeletal systems in the anybody

modeling system. Simulation Modelling Practice and Theory, 14(8):1100–1111,

2006.

[258] Yoshihiko Nakamura, Katsu Yamane, Yusuke Fujita, and Ichiro Suzuki. So-

matosensory computation for man-machine interface from motion-capture data

and musculoskeletal human model. IEEE Transactions on Robotics, 21(1):58–66,

2005.

[259] Jason P Halloran, Marko Ackermann, Ahmet Erdemir, and Antonie J Van den

Bogert. Concurrent musculoskeletal dynamics and finite element analysis pre-

dicts altered gait patterns to reduce foot tissue loading. Journal of Biomechanics,

43(14):2810–2815, 2010.

[260] Anil V Rao. A survey of numerical methods for optimal control. Advances in

the Astronautical Sciences, 135(1):497–528, 2009.

185



[261] Mohammad Sharif Shourijeh and John McPhee. Forward dynamic optimization

of human gait simulations: a global parameterization approach. Journal of

Computational and Nonlinear Dynamics, 9(3), 2014.

[262] Reza Sharif Razavian, Naser Mehrabi, and John McPhee. A model-based

approach to predict muscle synergies using optimization: application to feedback

control. Frontiers in computational neuroscience, 9:121, 2015.

[263] Thomas Zander, Marcel Dreischarf, Anne-Katrin Timm, Wolfgang W Baumann,

and Hendrik Schmidt. Impact of material and morphological parameters on

the mechanical response of the lumbar spine–a finite element sensitivity study.

Journal of Biomechanics, 53:185–190, 2017.

[264] B Garner. A dynamic musculoskeletal computer model for rising from a

squatting or sitting position. MScEng. thesis, The University of Texas at

Austin, Austin, TX, 1992.

[265] Kristin Elizabeth Daigle. The effect of muscle strength on the coordination of

rising from a chair in minimum time: predictions of an optimal control model.

PhD thesis, University of Texas at Austin, 1994.

[266] Dong Chen, Chun-Hui Chen, Li Tang, Kai Wang, Yu-Zhe Li, Kevin Phan, and

Ai-Min Wu. Three-dimensional reconstructions in spine and screw trajectory

simulation on 3d digital images: a step by step approach by using mimics

software. Journal of Spine Surgery, 3(4):650, 2017.

[267] Andrea d’Avella and Francesco Lacquaniti. Control of reaching movements by

muscle synergy combinations. Frontiers in computational neuroscience, 7:42,

2013.

186



[268] Ivan Zammit-Maempel, Claire-Louise Chapple, and Paula Leslie. Radiation

dose in videofluoroscopic swallow studies. Dysphagia, 22(1):13–15, 2007.

[269] AAPM White. Clinical biomechanics of the spine. Clinical Biomechanics of

the Spine, 1990.

[270] M. Broy. Software engineering—from auxiliary to key technologies. In M. Broy

and E. Denert, editors, Software Pioneers, pages 10–13. Springer, New York,

1992.

[271] Christina I Esposito, Theodore T Miller, Joseph D Lipman, Kaitlin M Carroll,

Douglas E Padgett, David J Mayman, and Seth A Jerabek. Biplanar low-dose

radiography is accurate for measuring combined anteversion after total hip

arthroplasty. The Musculoskeletal Journal of Hospital for Special Surgery®,

16(1):23–29, 2020.

[272] Li Cao, Farshid Guilak, and Lori A Setton. Three-dimensional finite element

modeling of pericellular matrix and cell mechanics in the nucleus pulposus of

the intervertebral disk based on in situ morphology. Biomechanics and Modeling

in Mechanobiology, 10:1–10, 2011.

[273] Nan Meng, Jason PY Cheung, Kwan-Yee K Wong, Socrates Dokos, Sofia Li,

Richard W Choy, Samuel To, Ricardo J Li, and Teng Zhang. An artificial

intelligence powered platform for auto-analyses of spine alignment irrespective

of image quality with prospective validation. EClinicalMedicine, 43, 2022.

[274] Eskil Jörgensen, Christopher Zach, and Fredrik Kahl. Monocular 3d object

detection and box fitting trained end-to-end using intersection-over-union loss.

ArXiv, abs/1906.08070, 2019.

187



[275] Zengyi Qin, Jinglu Wang, and Yan Lu. Monogrnet: A general framework for

monocular 3d object detection. IEEE Transactions on Pattern Analysis and

Machine Intelligence, 44, 2022.

[276] Patrick D Roberts and Gin McCollum. Dynamics of the sit-to-stand movement.

Biological cybernetics, 74(2):147–157, 1996.

[277] Kyle D Huffman, Brooke A Sanford, Audrey R Zucker-Levin, John L Williams,

and William M Mihalko. Increased hip abduction in high body mass index

subjects during sit-to-stand. Gait & posture, 41(2):640–645, 2015.

[278] Hooshang Hemami and Vijay C Jaswa. On a three-link model of the dynamics

of standing up and sitting down. IEEE Transactions on Systems, Man, and

Cybernetics, 8(2):115–120, 1978.

[279] Asif Mughal and Kamran Iqbal. 3d bipedal model with holonomic constraints

for the decoupled optimal controller design of the biomechanical sit-to-stand ma-

neuver. International Design Engineering Technical Conferences and Computers

and Information in Engineering Conference, 2010.

[280] Burak Ozsoy and James Yang. Simulation-based unassisted sit-to-stand motion

prediction for healthy young individuals. International Design Engineering Tech-

nical Conferences and Computers and Information in Engineering Conference,

46391:V006T10A001, 2014.

[281] Hiroshi R Yamasaki, Hiroyuki Kambara, and Yasuharu Koike. Dynamic op-

timization of the sit-to-stand movement. Journal of applied biomechanics,

27(4):306–313, 2011.

188



[282] Shunsaku Nishihara, Nobuhiko Sugano, Takashi Nishii, Kenji Ohzono, and

Hideki Yoshikawa. Measurements of pelvic flexion angle using three-dimensional

computed tomography. Clinical Orthopaedics and Related Research®, 411:140–

151, 2003.

[283] Alma B Pedersen, Søren P Johnsen, Søren Overgaard, Kjeld Søballe, Henrik T

Sørensen, and Ulf Lucht. Total hip arthroplasty in denmark: incidence of pri-

mary operations and revisions during 1996–2002 and estimated future demands.

Acta Orthopaedica, 76(2):182–189, 2005.

[284] Jacob M Elkins, Megan K O’Brien, Nicholas J Stroud, Douglas R Pedersen,

John J Callaghan, and Thomas D Brown. Hard-on-hard total hip impingement

causes extreme contact stress concentrations. Clinical Orthopaedics and Related

Research®, 469:454–463, 2011.

189



APPENDICES

190



Appendix A

Motion Capture Experiment Data

Processing

A.1 Calibration

Two major steps are required for the calibration of the setup. The first step is

the system calibration and the second step is for subject calibration. The system

calibration starts with the swinging of a calibration tool that has some labels to

identify the environment. During this step, the person who is doing the swing should

be cautious not to be in front of the cameras. This process should be done in

all volume space in which the activities would take place. After that, the global

coordinate system should be specified. For this purpose, an origin is considered and

the direction of positive x and positive z have been determined by a probe.

After the calibration of the system, subject calibration is essential. Two criteria

are important for landmarks on the body. The attachment area should target bony
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surfaces rather than soft tissue and be in the most visible location according to the

camera locations. To digitize anatomical landmarks, after getting permission from

the subject to touch, the appropriate position on the body could be determined with

a palpate procedure. For this purpose, markers were placed on the shank, thigh,

pelvis, spine, and head. For the shank, markers were attached to the medial-lateral

tibial condyle and medial-lateral malleus. The markers for the thigh were attached to

the medial-lateral femoral condyle. Four markers were attached to the pelvis on the

right and left anterior superior iliac spine (ASIS) and posterior superior iliac spine

(PSIS). Eight markers were used for the spine. In the lumbar part, 5 markers were

used where two markers are placed on L3 and L1 and one placed on L5. Two markers

on the thoracic part were considered on the T6 and 1 marker for the cervical part

which is placed on the C7. Four markers were used to evaluate the head position and

orientation.

The position of each marker will be available after the experiment is completed.

Due to noise and missing data, it is necessary to process the data before kinematic

calculation. This process has been done with data filling and a low-pass frequency

filtering. Because of dynamic experiment tasks, the cut-off frequency is set for 5Hz.

The noise could be because of the motion type and sampling rate which is used

for this experiment. These could have effects on the results according to derivative

calculation in the optimization for the calculation of the velocity and acceleration

of joints. The reason for missing data is mostly because of missed markers by the

cameras, which is a problem when calculating the joint coordinate system for joint

angles. This problem could be solved by using an interpolation as a spline between

two missing points.
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A.2 Standard Coordinate Systems

To calculate joint angles, it is needed to define local coordinate systems in each segment.

The Standardization and Terminology Committee (STC) of the International Society

of Biomechanics (ISB) proposed a general reporting standard for joint kinematics

based on the Joint Coordinate System (JCS). The joint angle calculations here are

based on the standard defined by the ISB [217].

A.2.1 Local Coordinate System Equations

Local coordinate system for the shank

There are two ways for describing the local coordinate system of the shank. One

could be placed on the tibia-fibula and the other way is defined on the tibia, and

we used the second definition. The z-axis is defined from the center of medial and

lateral tibia condyle (ITC) to the lateral tibia condyle (LTC). The x-axis could be

defined as the cross product of two vectors which are from the (ITC) to the medial

(MMsh) and lateral malleolus (LMsh). The y-axis would be perpendicular to those

as cross products of these two vectors. The unit vectors for each coordinate system

were calculated:

k̂ =
LTC − ITC

∥(LTC − ITC)∥
(A.1)

î =
(ITC − LMsh)× (ITC −MMsh )

∥(ITC − LMsh )× (ITC −MMsh )∥
(A.2)

ĵ = k̂ × î (A.3)

193



Local coordinate system for the thigh

For the local coordinate system of the thigh, the y-axis is defined from the mid-point

of medial and lateral femoral condyle (IFC) to the hip joint center (Ohip). The

x-axis is defined as a cross product of two vectors, one from the lateral (LFC) to

the medial femoral condyle (MFC) and the other is the y-axis. The z-axis could be

calculated by cross product of these two vectors. The unit vectors for each coordinate

system have been calculated. The hip joint center is calculated based on the method

introduced by Bell [242].

ĵ =
Ohip − IFC

∥(Ohip − IFC)∥
(A.4)

î =
(
ĵ
)
× (MFC − LFC )/∥

(
ĵ
)
× (MFC − LFC )∥ (A.5)

k̂ = î× ĵ (A.6)

Local coordinate system for the pelvis

The z-axis is defined from the left anterior superior iliac spine (LASIS) to the right

anterior superior iliac spine (RASIS). The x-axis is defined as a cross product

of a vector to the z-axis. This vector is calculated with the cross product of two

vectors from the mid-point of the right and left PSIS (MPSIS) to the right and left

ASIS. The y-axis would be the cross product of those two. The unit vectors for each

coordinate system have been calculated.

k̂ =
RASIS − LASIS

∥RASIS − LASIS∥
(A.7)

î =

[
((RASIS −MPSIS)× (RASIS −MPSIS ))× k̂

]
∥((RASIS −MPSIS)× (RASIS −MPSIS ))× k∥

(A.8)
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ĵ = k̂ × î (A.9)

Local coordinate system for the spine

In the lumbar part of the spine, the y-axis is defined along each segment. The x-axis

is defined using the cross product of two temporary vectors from the base point of

each segment to the upper left and right marker. For example, for the L5-L3 segment.

ĵ =
L3− L5

∥L3− L5∥
(A.10)

î =
[((L5− L3left)× (L5− L3right ))]

∥((L5− L3left)× (L5− L3right )) ∥
(A.11)

k̂ = î× ĵ (A.12)

A.2.2 Intersegmental Angles

To find intersegmental angles, inverse kinematics has been used. The rotational

matrix with the Euler angles of Z,Y,X are defined as a function and for each adjacent

segment by using the calculated local coordinate system for each segment:

Rg
b = Rx ×Ry ×Rz =


CβCγ CβSγ −Sβ

SαSβCγ − CαSγ SαSβSγCβCγ SαCβ

CαSβCγSαSγ CαSβSγ − SαCγ CαCβ

 (A.13)

Where:

Cα = cos(α), Sα = sin(α);

Cβ = cos(β), Sβ = sin(β);
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Cγ = cos(γ), Sγ = sin(γ).

By putting this matrix equal to the direction cosine matrix, which contains the

unit vectors of the two CSs, the intersegment angles can be calculated using the

following equations:

Rg
b =


c11 c12 c13

c21 c22 c23

c31 c32 c33

 (A.14)

β = Atan2
(
−c13,±

√
c112 + c122

)
(A.15)

α = Atan2

(
c23
cosβ

,
c33
cosβ

)
(A.16)

γ = Atan2

(
c12
cosβ

,
c11
cosβ

)
(A.17)
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