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Abstract

Total knee arthroplasty (TKA), also known as total knee replacement, is a surgical
procedure to replace damaged parts of the knee joint with artificial components. It aims to
relieve pain and improve knee function. TKA can improve knee kinematics and reduce
pain, but it may also cause altered joint mechanics and complications. Proper patient
selection, implant design, and surgical technique are important for successful outcomes.
Kinematics analysis plays a vital role in TKA by evaluating knee joint movement and
mechanics. It helps assess surgery success, guides implant and technique selection, informs
implant design improvements, detects problems early, and improves patient outcomes.
However, evaluating the kinematics of patients using conventional approaches presents
significant challenges. The reliance on 3D CAD models limits applicability, as not all
patients have access to such models. Moreover, the manual and time-consuming nature of
the process makes it impractical for timely evaluations. Furthermore, the evaluation is
confined to laboratory settings, limiting its feasibility in various locations.

This study aims to address these limitations by introducing a new methodology for
analyzing in vivo 3D kinematics using an automated deep learning approach. The proposed
methodology involves several steps, starting with image segmentation of the femur and
tibia using a robust deep learning approach. Subsequently, 3D reconstruction of the
implants is performed, followed by automated registration. Finally, efficient knee
kinematics modeling is conducted. The final kinematics results showed potential for

reducing workload and increasing efficiency. The algorithms demonstrated high speed and

Vi



accuracy, which could enable real-time TKA kinematics analysis in the operating room or
clinical settings. Unlike previous studies that relied on sponsorships and limited patient
samples, this algorithm allows the analysis of any patient, anywhere, and at any time,
accommodating larger subject populations and complete fluoroscopic sequences. Although
further improvements can be made, the study showcases the potential of machine learning

to expand access to TKA analysis tools and advance biomedical engineering applications.
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Chapter |

Introduction

1.1 Motivation

Total knee arthroplasty (TKA) is a surgical procedure that is used to treat severe
knee joint pain and disability due to various conditions such as osteoarthritis, rheumatoid
arthritis, and post-traumatic arthritis, among others [1]. The procedure involves resurfacing
a damaged or worn-out knee joint with an artificial joint, which is made of metal, plastic,
or ceramic as seen in Figure 1. The primary goal of TKA is to relieve pain and restore joint
function, mobility, and stability. TKA can also improve the quality of life for people who
have been suffering from chronic knee pain, stiffness, and limited movement, and who
have not found relief through non-surgical treatments such as medications, physical
therapy, and lifestyle modifications. In general, TKA is recommended when non-surgical
treatments are ineffective, and the knee joint damage is severe enough to impair the
patient's ability to perform daily activities and significantly affect their quality of life.

TKA is a complex surgical procedure that requires precise surgical measurements
and techniques combined with high-quality design of component parts as well as surgical
jigs [1]. Thus, engineering plays a critical role in the development and advancement of
total knee arthroplasty (TKA) technology. Engineers in the field of orthopaedics use their
knowledge of materials science, biomechanics, and other engineering disciplines to design
and develop the various components of the artificial knee joint. The engineers work closely

with orthopedic surgeons to understand the unique challenges and requirements of TKA

1



Figure 1. Total knee replacement surgery (templehealth.org).



and create solutions that meet the specific needs of both surgeons and patients.
Collaborations between engineers and surgeons have helped to improve the precision,
accuracy, and durability of TKA components and procedures, ultimately leading to better
outcomes for patients. For example, recent engineering advancements has led to the
development of computer-aided design and manufacturing (CAD/CAM) technologies that
help create custom-made knee prostheses for patients [2]. These technologies specifically
use imaging and modeling software to create a 3D model of the patient's knee joint, which
is then used to create a customized knee prosthesis with a patient-specific fit to yield
optimal functionality.

One specific contribution of engineering technology relates to analyzing the in vivo
mechanics of the knee joint after total knee arthroplasty (TKA) [3, 4]. By analyzing knee
kinematics, both engineers and surgeons can make more informed decisions, based on
these outcomes, about implant positioning and soft tissue balancing, leading to better
function and longevity of the implant. Poor alignment and balance can lead to
complications such as instability, wear, and loosening of the implant, so such evaluations
have helped improve optimal clinical outcomes after TKA by finding the proper alignment
and balance of the knee implant. Additionally, by analyzing knee kinematics
preoperatively, surgeons can identify potential problems early and take corrective measures
to reduce the risk of these complications. Every patient has a unique anatomy, and
analyzing knee kinematics can help surgeons to customize implant positioning and soft

tissue balancing to fit the patient's specific needs. This can lead to better function and a



more natural feel of the knee after surgery. Finally, analyzing knee kinematics can also
help to advance the technology of knee implants. By understanding the complex
movements of the knee joint, engineers can design more advanced and sophisticated
implants that mimic the natural movement of the knee more closely.

Thus, efficiently analyzing knee kinematics in TKA is crucial for optimizing
clinical outcomes, reducing complications, customizing implant positioning, and
advancing the technology of knee implants. While analyzing knee kinematics is critically
important in TKA, the current techniques used to analyze kinematics pertains to relying on
manual 3D-to-2D image registration software algorithms that are quite labor and time
consuming [5, 6]. This dissertation proposes a novel approach to analyze the knee
kinematics from fluoroscopy with high accuracy and automatic by utilizing a deep learning
technique and a non-convex optimization method. The automated approach by machine
learning can improve the accuracy of the kinematics output by evaluating the lower quality
of the data that cannot be completed by manual human vision. Also, it is very important to
note that analyzing knee kinematics is nearly impossible without the 3D implanted CAD
model [3, 7]. The proposed approach resolves the 3D implant CAD model creation problem
by using a new robust non-rigid registration algorithm.

1.2 Method Overview

The conventional manual kinematics calculation existing for many recent years is
shown in Figure 2. Fluoroscopy is used as the input for analyzing patient kinematics,

because fluoroscopy is an effective medical imaging technique for getting the real-time
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images inside the body. Initially, subjects are instructed to perform specific movements,
such as walking or bending the knee, while the fluoroscopy unit captures real-time video
of the knee joint. The subject’s fluoroscopy video allows easy visualization of both the
bone and the components during the activity.

In the current manual methodology, a limited number of “good” images are
extracted manually by human vision, usually at 0, 30, 60, 90, and 120 degrees of the
flexion, from the fluoroscopy video collecting at the hospital. At the same time, the 3D
model of the corresponding bone in the fluoroscopy video might be obtained using CT
scans or generated by the implant design company for analyzing TKA. Then, this 3D
implant model is registered manually onto the chosen fluoroscopy images. Finally, the
interested kinematics parameters are computed in 3D space from the above 3D-2D
registration step such as LAP, MAP, LSI, MSI, AXR so that surgeons and experts can
judge the outcomes of the patient after TKA. The method allows for accurate and detailed
analysis of joint movement, which can help improve patient outcomes and inform future
research on knee replacement surgery.

While most of the steps of the conventional approach were completed manually,
the overall proposed automated framework of standard kinematic evaluations of the knee
is proposed as in Figure 3. There are five main steps of getting the kinematics from
fluoroscopy: i) data collection, ii) implanted knee image segmentation, iii) 3D CAD model
creation, iv) automated 3D-2D registration using deep learning, and v) implanted knee

kinematics calculation. In our novel methodology, the femoral and tibial component
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silhouettes are extracted from the fluoroscopy using automated image segmentation. The
output of the image segmentation, called the mask image, is a formatted image of either
femur or tibia in isolation, such that the image can be used for the next steps of 3D
reconstruction and 3D-to-2D image registration.

As mentioned above, these kinematics analyses are nearly impossible without CAD
models, so the 3D implanted knee CAD creation is an optional step (if necessary) to
reconstruct the implant CAD model from the segmented images. Once the CAD models
are obtained or derived, the automated 3D-2D registration algorithms automatically
overlay the implant CAD models, including the femur and tibia, onto the fluoroscopy
images so that the movement and motion of the joint components are evaluated via the
kinematics calculation. With the similar steps of the proposed approach in Figure 3
compared to the conventional manual approach in Figure 2, the automated approach is
highly advanced for the determination of kinematics using all frames in the fluoroscopic
video stream, even at low quality. By improving the current kinematics evaluation
approach with advanced techniques, the proposed approach in Figure 3 has the potential to
be used in practice and is discussed in more detail in the next chapters.

1.3 Image Segmentation

As the second step in Figure 3, image segmentation is the process of dividing an
image into multiple regions or segments based on the visual characteristics of the pixels in

the image, as seen in Figure 4. The goal of image segmentation is to simplify or change the
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Figure 4. Image segmentation example (telusinternational.com).



representation of an image into something that is more meaningful and easier to analyze.
Image segmentation is an important technique in computer vision and image processing,
as it is a fundamental step in many applications such as object detection, recognition,
tracking, and medical image analysis. It is also used in robotics, autonomous vehicles, and
many other areas where visual perception is important. There are many different
approaches to image segmentation, including thresholding [8], edge detection [9],
clustering [10], and machine learning-based methods [11, 12]. Each method has its
advantages and disadvantages, and the choice of method depends on the specific
application and the characteristics of the images being analyzed. Overall, image
segmentation is a critical step in many image analysis tasks, as it provides a way to extract
meaningful information from images and to enable further analysis and processing.

1.4 3D Reconstruction

The third step in Figure 3 pertains to three-dimensional (3D) reconstruction is a
fundamental task in computer vision, which involves the creation of a 3D model of an
object or scene from two-dimensional images, as seen in Figure 5. It has broad applications
in areas such as robotics, virtual reality, and augmented reality. In recent years, significant
progress has been made in 3D reconstruction, thanks to the advancement of machine
learning algorithms, improved camera technology, and the availability of large-scale
datasets. Traditional 3D reconstruction methods are based on geometric and photometric
approaches that rely on handcrafted features. However, in recent years, deep learning-

based methods have shown superior performance in 3D reconstruction tasks [13],
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Figure 5. 3D reconstruction example (medium.com).
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leveraging their ability to learn complex representations from large amounts of data. In this
review, we will discuss the state-of-the-art techniques for 3D reconstruction, including both
traditional and deep learning-based methods, their strengths and limitations, and future
research directions.

1.5 Deep Learning

As seen in Figure 6, deep learning is a subfield of artificial intelligence (Al) that
uses artificial neural networks to analyze and learn from large datasets [14]. These neural
networks are modeled after the structure and function of the human brain, allowing them
to learn from and make predictions based on complex data patterns. Deep learning has
become increasingly popular in recent years due to advances in computing power, big data,
and algorithmic developments. Deep learning algorithms can be used in a wide range of
applications, including image and speech recognition, natural language processing,
robotics, and autonomous driving. Ultilizing advanced deep learning techniques for
handling large amounts of data eliminates manual human work, deep learning is then used
for the image segementation and automated 3D-2D registration.

In deep learning, data is processed through multiple layers of artificial neural
networks, with each layer learning a different aspect of the data. The neural network learns
from the data through a process of trial and error, adjusting the weights of connections
between neurons to minimize the error between the predicted output and the actual output.

This process is called backpropagation. One of the key advantages of deep learning is that
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it can automatically extract and learn features from raw data, without the need for manual
feature engineering. This makes it well-suited to handle complex and high-dimensional
data, such as images, video, and speech. Deep learning algorithms can be supervised,
unsupervised, or semi-supervised. In supervised learning, the algorithm learns from labeled
data, while in unsupervised learning, the algorithm learns from unlabeled data. In semi-
supervised learning, a combination of labeled and unlabeled data is used. Some of the most
used deep learning algorithms include convolutional neural networks (CNNs) for image
and video analysis [15], recurrent neural networks (RNNs) for sequential data, and

generative adversarial networks (GANSs) for generating new data.
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Chapter |1

Literature Review

The algorithms developed herein demonstrate an automated methodology for
analyzing and conducting the overlay step with regard to a fluoroscopic image to ultimately
reduce the time required for the current manual overlay framework. To achieve this goal,
we need to investigate three specific fields: image segmentation, 3D reconstruction, and
automated 3D-2D registration. This chapter reviews the literature of the current techniques
used for solving those problems and their applications in total knee arthroplasty.

2.1 Image Segmentation

Image segmentation is a fundamental task in computer vision that involves
partitioning an image into multiple regions, each of which represents a separate object or
background. The goal of image segmentation is to identify the boundaries of these regions
accurately and efficiently, allowing for further analysis and processing of the image data.
Over the past several decades, numerous methods have been proposed for image
segmentation, utilizing a wide range of techniques and algorithms. In this literature review,
we will explore some of the key approaches and advances in the field of image

segmentation.

2.1.1 Manual Segmentation

Manual image segmentation is the process of manually separating the foreground

object or region of interest from the background in an image. This technique is often used
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in computer vision and image processing applications where accurate object detection is
essential, as an example seen in Figure 7. Manual segmentation is typically performed by
human annotators who use specialized software or tools to mark the boundaries of the
object or region of interest. The process can be time-consuming and labor-intensive, but it
allows for precise control over the segmentation, making it a valuable technique for tasks
such as medical imaging, object recognition, and video processing. Despite advances in
automated segmentation techniques, manual segmentation remains a crucial method in

many areas of image analysis where accuracy is critical.

2.1.2 Thresholding

Thresholding is a simple and widely used technique for image segmentation. It
involves selecting a threshold value, which is used to separate the image pixels into two
groups based on their intensity values, as an example in Figure 8. Pixels with intensities
above the threshold are classified as one group, while those with intensities below the
threshold are classified as another. While thresholding is effective for separating objects
from the background in simple images, it may not be sufficient for complex images with

multiple objects or varying lighting conditions.

2.1.3 Edge-based Segmentation

Edge-based segmentation is another popular approach to image segmentation,
which relies on identifying and extracting the edges or boundaries between different

regions in an image. This can be accomplished through techniques such as the Canny edge
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Figure 7. Manual image segmentation using Slicer software.
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Figure 8. Example of image segmentation using thresholding (towardsdatascience.com).
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detector, which applies a series of filters to highlight significant changes in intensity and
direction in the image, as seen in Figure 9. Edge-based segmentation is particularly useful
for images with well-defined boundaries but may be less effective for images with more

diffuse or indistinct boundaries.

2.1.4 Region-based Segmentation

Region-based segmentation is a more complex approach to image segmentation
that involves dividing an image into multiple regions based on similarities in color, texture,
or other features, as seen in Figure 10. This can be accomplished through techniques such
as clustering, where pixels are grouped together based on their similarity to other pixels in
the image. Region-based segmentation can be more effective than thresholding or edge-
based segmentation for complex images with multiple objects, but it can also be

computationally intensive and may require careful tuning of parameters.

2.1.5 Deep Learning Segmentation

Image segmentation is the process of dividing an image into multiple parts or
regions to extract useful information. Machine learning techniques, particularly deep
learning, have been widely used for image segmentation in recent years due to their ability
to learn complex patterns and features from data [12]. The most common approach for
image segmentation using machine learning is to train a deep neural network (DNN) model

on a dataset of labeled images, where each pixel is assigned to a particular class. The DNN
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Figure 10. Example of region-based segmentation in image processing (researchgate.net).
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model learns to identify patterns and features in the input images and maps each pixel to
its corresponding class label. The output of the DNN model is a segmented image where
each region or part is labeled with a different color or shade. There are several popular
DNN architectures for image segmentation, such as U-Net, Mask R-CNN, and Fully
Convolutional Networks (FCN). These models use different techniques to capture spatial
information and context in the input image, such as convolutional layers, pooling layers,
and skip connections. Image segmentation using machine learning has many applications,
including medical image analysis, object detection and recognition, and autonomous
driving. Itis an active area of research, and new models and techniques are constantly being
developed to improve the accuracy and efficiency of image segmentation.

In conclusion, image segmentation is a fundamental task in computer vision, with
numerous techniques and approaches available for partitioning an image into multiple
regions. While thresholding and edge-based segmentation are simple and widely used
techniques, more complex approaches such as region-based segmentation and deep
learning-based segmentation may be more effective for complex images with multiple
objects. Additionally, multi-modal segmentation can help improve the accuracy and
robustness of image segmentation by combining information from multiple imaging
modalities.

2.2 3D Reconstruction

Three-dimensional (3D) reconstruction is a technique that aims to reconstruct the

3D shape of an object or scene from 2D images or sensor data. It has a wide range of
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applications in fields such as computer graphics, robotics, and medical imaging. In this
literature review, we will explore some of the key approaches and advances in the field of

3D reconstruction.

2.2.1 CAD/Laser Scan

Computer-aided design (CAD) models are used extensively in various industries to
create 2D or 3D digital representations of products or structures. A literature review of
CAD models reveals that they have significantly improved the design process by reducing
the time and cost associated with physical prototyping. CAD models have also enabled
designers to create more complex geometries and test various design iterations easily. The
review also highlights the importance of accurate CAD models in simulation and analysis,
particularly in the fields of engineering and architecture. Additionally, CAD models have
been integrated with various technologies such as virtual reality and 3D printing, opening
up new avenues for visualization and rapid prototyping. However, challenges such as data
interoperability, model accuracy, and software compatibility still exist and require ongoing
research to overcome.

Laser scanning is a popular technology for capturing and modeling 3D information
of physical objects or environments. The technology uses a laser scanner to emit a laser
beam that sweeps across the target area, measuring the distance to the objects in its path.
The collected data is then processed to generate a point cloud, which represents the surface
of the scanned object or environment. Laser scanning has been widely used in various

fields, including architecture, engineering, archaeology, and geology, due to its high

21



accuracy and ability to capture detailed geometric and spatial information. It has also been
utilized in various applications such as reverse engineering, quality control, heritage
documentation, and virtual reality. However, challenges such as data processing and
management, accuracy and resolution limitations, and the need for specialized skills and
equipment, have been identified in the literature. Nonetheless, laser scanning remains a
valuable tool in 3D modeling and has the potential for future developments and
applications. Unfortunately, laser scanning cannot be utilized to create a 3D bone of a live
subject and for cadaver specimens, all soft-tissues will have to be removed and the bone
thoroughly cleaned before the laser scan process can be conducted. Therefore, laser

scanning does have limitations in the field of orthopaedics.

2.2.2 Medical Imaging

A CT scan of a TKA knee is a medical imaging technique used to visualize the
structure and position of an artificial knee joint. TKA, also known as total knee
replacement, is a surgical procedure that involves replacing the damaged or diseased knee
joint with an artificial joint made of metal and plastic components. CT scans use X-rays to
create detailed images of the knee joint from different angles, which can help doctors
evaluate the position of the implant, assess any bone or tissue damage, and detect any
complications such as infection or loosening of the implant. CT scans are typically
performed post-surgery as a part of follow-up care or if the patient experiences any issues

or complications with the TKA knee. The procedure is non-invasive but contains radiation.
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An MRI scan of an implanted knee is a medical imaging technique used to visualize
the internal structure and soft tissue surrounding an artificial knee joint. MRI stands for
Magnetic Resonance Imaging and uses a magnetic field and radio waves to produce
detailed images of the knee joint. This type of imaging is particularly useful for evaluating
the integrity of the soft tissues surrounding the knee implant, such as ligaments, tendons,
and muscles, and can help detect any damage or abnormalities. MRI scans are also useful
for identifying potential complications with the implant, such as infection, loosening, or
dislocation. However, patients with certain types of implants, such as those made of metal,
may not be able to undergo an MRI scan due to safety concerns. The procedure is non-
invasive but is expensive. Unfortunately, it is very difficult to use either a CT or an MRI
scan of a TKA because of the metal scatter that occurs. A metal artifact removal algorithm
must be used, but again, this is not the most accurate method for creating a 3D image of an

implanted knee.

2.2.3 Non-rigid/Deep Learning Registration

While the rigid registration only provides the information of transformation and
scale of the 3D object, the non-rigid registration can design the shape of the 3D object. 3D
reconstruction of the knee using non-rigid registration is a medical imaging technique used
to create a 3D model of the knee joint and its surrounding structures by aligning and
merging multiple medical images obtained from different imaging modalities [16]. Unlike
rigid registration, non-rigid registration involves aligning images that have a variable

relationship with each other, such as those obtained from MRI scans with different patient
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positions. By merging these images using complex algorithms, a more accurate and
detailed 3D model of the knee joint can be created.

3D reconstruction using non-rigid registration is a non-invasive and safe imaging
modality that can be used to visualize and diagnose knee conditions such as ligament tears,
meniscus injuries, and cartilage damage. The technique can also be used to monitor the
progression of conditions such as osteoarthritis and to plan surgical interventions. The 3D
reconstruction of the knee using non-rigid registration can provide highly detailed
information about the knee joint, which can help doctors make more accurate diagnoses
and treatment plans. However, it is important to note that this technique can be more time-
consuming and computationally intensive than rigid registration and requires specialized
software and expertise. Additionally, the accuracy and reliability of the 3D model may be
influenced by factors such as patient motion during imaging and the quality of the input
images.

3D reconstruction using deep learning is a medical imaging technique that uses
artificial intelligence algorithms to create a 3D model of the knee joint and its surrounding
structures. Deep learning is a subset of machine learning that involves training neural
networks to identify patterns and relationships in complex data sets, such as medical
images. 3D reconstruction using deep learning is a non-invasive and safe imaging modality
that can be used to visualize and diagnose knee conditions such as ligament tears, meniscus
injuries, and cartilage damage. The technigque can also be used to monitor the progression

of conditions such as osteoarthritis and to plan surgical interventions. The 3D
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reconstruction of the knee using deep learning can provide highly accurate and detailed
information about the knee joint, which can help doctors make more accurate diagnoses
and treatment plans.

Additionally, deep learning algorithms can improve the efficiency and accuracy of
the 3D reconstruction process and can be used to automatically segment and classify
structures within the knee joint. However, it is important to note that the accuracy and
reliability of the 3D model may be influenced by factors such as the quality and quantity
of input data used to train the deep learning algorithm. Additionally, the interpretation of
the 3D model may require specialized expertise and training and may not be suitable for
all patients depending on their individual needs and medical conditions. In conclusion, 3D
reconstruction is a fundamental task in computer vision, with numerous techniques and
approaches available for reconstructing the 3D shape of an object or scene. While
traditional approaches such as CT scanning and MRI scan are widely used, new approaches
such as non-rigid registration and deep learning-based reconstruction are promising and
have shown remarkable performance in various applications.

2.3 3D-2D Registration

Three-dimensional (3D) to two-dimensional (2D) registration is the process of
aligning a 3D image or model with a 2D image. It has a wide range of applications in fields
such as medical imaging, robotics, and augmented reality. In this literature review, we will

explore some of the key approaches and advances in the field of 3D-2D registration.
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2.3.1 Manual Registration

Manual 3D-2D registration refers to the process of aligning a three-dimensional
(3D) medical image with a two-dimensional (2D) medical image. This process is typically
done manually by a radiologist or a medical imaging professional using specialized
software. The purpose of 3D-2D registration is to improve the accuracy of medical imaging
by aligning the 3D image with the 2D image to provide a more precise location of the area
of interest. This is particularly useful in interventional procedures such as surgery, where
the physician needs to accurately place a surgical instrument or implant within the patient's
body. The manual 3D-2D registration process involves several steps as shown in Figure
11. First, the 2D image is loaded into the software, and the radiologist identifies a feature
or landmark in the image. This process could be conducted on a bone or tissue structure
that is easily recognizable. Then, the corresponding feature or landmark is identified in the
3D image.

The radiologist then adjusts the position and orientation of the 3D image until the
identified feature in the 3D image matches the same feature in the 2D image. This process
may involve multiple iterations and adjustments until the alignment is satisfactory. Once
the 3D-2D registration is complete, the aligned images can be used for diagnostic or
interventional procedures, such as guiding a surgical instrument or placing an implant with
greater accuracy. While manual 3D-2D registration can be time-consuming and labor-

intensive, it remains a valuable tool in medical imaging and intervention, particularly in
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cases where high accuracy is required, usually considered as the “gold standard” for the

other registration methods.

2.3.2 Optimization Methods

Intensity-based registration is a technique that aligns 3D and 2D images based on
their pixel or voxel intensities [17]. It works by finding the optimal transformation that
minimizes the difference between the two images. Intensity-based registration is widely
used in medical imaging, where it can be used to align 3D medical images with 2D X-ray
or fluoroscopy images. Edge-based registration is a computer vision technique that aligns
images or point clouds by identifying and matching corresponding edges [18]. The edges
are more stable and reliable features than other types of features, such as keypoints or
textures, which can be affected by lighting conditions or other variations. The registration
process involves estimating the transformation that maps one set of edges onto the other
and applying it to align the images or point clouds.

Feature-based registration is a technique that aligns 3D and 2D images based on
the correspondence of features or points [19]. It works by detecting corresponding features
or points in both images and finding the optimal transformation that minimizes the distance
between them. Feature-based registration is commonly used in robotics, where it can be
used to align a 3D map of the environment with 2D camera images. Model-based
registration is a technique that aligns a 3D model with 2D images. It works by extracting
features or points from the 3D model and projecting them into the 2D images. The optimal

transformation is then found by minimizing the distance between the projected points and
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the detected features or points in the 2D images. Model-based registration is commonly
used in augmented reality, where it can be used to align a virtual 3D model with real-world
images.

Hybrid registration is a technique that combines multiple approaches, such as
intensity-based and feature-based registration, to achieve higher accuracy and robustness
[18]. Hybrid registration is commonly used in medical imaging, where it can be used to
align 3D medical images with 2D X-ray or fluoroscopy images, as well as in robotics and
augmented reality. Deep learning-based registration has recently emerged as a promising
approach, where deep neural networks are trained to predict the optimal transformation
between 3D and 2D images [20]. This approach has led to remarkable performances in
various applications, including medical imaging and robotics.

In conclusion, 3D-2D registration is a fundamental task in various fields, with
numerous techniques and approaches available for aligning 3D images or models with 2D
images. While traditional approaches such as intensity-based, feature-based, and model-
based registration are widely used, new approaches such as hybrid and deep learning-based
registration are promising and have shown remarkable performance in various
applications.

2.4 Machine Learning

Machine learning has revolutionized image segmentation by providing efficient
and accurate methods for segmenting objects and regions within images. Image

segmentation is the process of dividing an image into multiple segments or regions to
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simplify and analyze the image's content. Machine learning algorithms can automatically
learn the features of an image and use that knowledge to segment it. Convolutional Neural
Networks (CNNSs) are a popular machine learning technique used for image segmentation,
as seen in Figure 12. CNNs learn to identify and extract important features of an image,
which are then used to segment the image into different regions. Additionally,
unsupervised learning techniques like clustering and anomaly detection can also be used
for image segmentation tasks. Machine learning has made image segmentation faster, more
accurate, and less prone to human error, making it a crucial tool for various applications,
such as medical imaging, object detection, and self-driving cars.

Machine learning has demonstrated promising results in the challenging task of 3D-
2D registration, which involves aligning a 3D image or model with a 2D image. This
process is crucial in various applications, such as image-guided surgery, augmented reality,
and robotics. Machine learning algorithms can learn the complex relationships between 3D
and 2D images, which can be challenging to model using traditional methods.
Convolutional Neural Networks (CNNs) have been used for 3D-2D registration, where the
network learns to predict the 3D pose of an object based on its 2D projection. Other
machine learning techniques, such as Random Forests, Support Vector Machines, and
Deep Belief Networks, have also been used for 3D-2D registration. Machine learning can
significantly improve the accuracy and speed of 3D-2D registration, making it an important

tool for various medical and industrial applications.
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Chapter 111

Objectives and Contributions

3.1 Dissertation Objectives

This dissertation aims to tackle the complex issues pertained to problems associated
with evaluating joint kinematics by addressing several important sub-problems. To achieve
this goal, the following objectives are outlined below:

1. First, the development of a fast and reliable image segmentation tool is
necessary to extract the mask images of the implanted knee. This will be
critical in enabling the subsequent steps of the evaluation process.

2. Second, a robust 3D reconstruction tool must be developed to accurately
reconstruct the 3D implanted knee. This will require careful consideration
of the complexities involved in imaging the knee joint.

3. Third, an automated and highly accurate 3D-2D registration tool is needed
to overlay the 3D implanted knee model onto its 2D fluoroscopy images.
This will enable the visualization of the knee joint during motion, providing
valuable insights into its kinematics.

4. Finally, a fast and accurate kinematics model of the implanted knee must be
developed to output the relevant kinematics parameters of interest. This will
require the integration of data from the previous steps in order to produce a
comprehensive model that accurately represents the knee joint during

motion.
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The successful completion of these objectives will represent a significant advance
in the field of kinematics evaluation and will have important implications for the diagnosis
and treatment of knee joint disorders.

3.2 Contributions

This dissertation represents a groundbreaking contribution to the fields of computer
vision and medical imaging, making significant advances in four key areas.

1. First of all, a new algorithm for fast and efficient image segmentation has been
introduced, which utilizes deep learning and can be applied to a wide range of
medical images. This novel approach represents a significant improvement over
existing segmentation techniques and has important implications for medical
diagnosis and treatment.

2. Second, a novel method for 3D reconstruction has been presented, which accurately
captures the structure and geometry of implanted models. This technique has the
potential to significantly improve the accuracy and precision of surgical planning
and implant design.

3. Third, an automated and highly accurate 3D-2D registration technique has been
proposed, which enables the precise alignment of 3D models with 2D images
obtained after surgery. This will facilitate the accurate visualization of surgical
outcomes and enable more effective post-operative analysis.

4. Finally, an efficient implanted knee model for determining kinematics has been

introduced, which can be used to simulate knee movements. This represents a
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significant advance in the field of kinematics evaluation and has important

implications for the diagnosis and treatment of knee joint disorders.

In summary, these contributions have significant implications for medical imaging,
computer vision, and surgical planning. They represent important steps towards improving
the accuracy and effectiveness of medical diagnosis and treatment and pave the way for

further research in these fields.
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Chapter IV

Methods Overview

Previous sections of this dissertation have provided a comprehensive understanding
of the general framework and current techniques for addressing manual implanted knee
kinematics calculations and their respective limitations. In contrast, this chapter offers a
brief overview of the innovative methods proposed to tackle each step of this problem. The
subsequent chapters will delve into the specifics of each method.

4.1 Problem Definition

This study presents a highly efficient and precise methodology for automatically
computing the kinematics of a fluoroscopic video capturing an implanted knee, as
demonstrated by the samples depicted in Figure 13. The proposed approach leverages the
sequence of fluoroscopic frames, resembling the images showcased in the top row of
Figure 13, as input. The resulting kinematic outputs encompass the movements of both the
femur (green) and tibia (red) in three-dimensional space for the implanted knee, as
illustrated in the bottom row of the same figure. Traditionally, these kinematic analyses
necessitated manual execution, which proved to be time-consuming and labor-intensive.
However, by harnessing previous datasets and implementing machine learning techniques,
we introduce a novel approach that enables automated analysis of implanted knee
kinematics. The subsequent step involves data preparation for the problem before delving

into the specifics of the method.
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Figure 13. (Top) Fluoroscopic image sequence for DKB from full extension to maximum flexion
at 30° increments. (Bottom) Same image sequence with the respective CAD models overlayed (after

completion of the 3D to 2D image registration process).

36



More specifically, the Center for Musculoskeletal Research (CMR) research labs,
and prior the Rocky Mountain Musculoskeletal Research Laboratory (later to become
CMR) have been diligently accumulating patient data for over 30 years. Specifically, the
team extracted high-quality fluoroscopy images from the video footage, at 0, 30, 60, 90,
and 120-degree angles, for the purpose of kinematics analysis. These images were then
corrected for distortion and employed in a virtual simulation, using the camera and
fluoroscopy plane setup described in subsequent sections. This vast dataset serves as the
foundation for training and testing the proposed method for knee kinematics analysis
presented in this dissertation.

However, because the data was gathered from multiple sites with varying
fluoroscopy unit types, it was necessary to standardize the data to enable effective
utilization and validation. This process is known as data cleaning and includes distortion
correction and camera calibration as the primary steps. To ensure the highest quality of
data, this dataset was sourced from two distinct types of fluoroscopic units - one producing
clear images and the other exhibiting distortion, as illustrated in Figure 14. Consequently,
it is necessary to correct the distorted images for optimal accuracy. The distortion
correction step is previously published [5] and has not been modified for this research.
Nonetheless, an understanding of their general functionality is necessary before the

machine learning algorithms can be correctly applied.
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(a) Fluoroscopic image is not distorted

(b) Fluoroscopic image is distorted

Figure 14. Fluoroscopic units with (a) not distorted images and (b) distorted images.
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After the data is corrected, calibrated, and standardized, our novel machine learning
framework, as illustrated in Figure 15, can be employed. The first step in this framework
involves image segmentation to generate masks of the femur and tibia in the fluoroscopy
images. A comprehensive discussion of this step can be found in Chapter V Image
Segmentation. If necessary, the predicted mask image can be used to reconstruct a 3D CAD
model of the implanted knee, as detailed in Chapter VI 3D Reconstruction. The predicted
segmented images are also passed through a 3D-2D registration deep neural network to
obtain the initial pose, followed by refinement via an optimization tool to achieve final
registration. This process is explored in-depth Chapter VII Automated 3D-to-2D
Registration. Ultimately, after successfully registering 3D-2D, the movement of the femur
and tibia in 3D space will provide the kinematic information through the mathematical
knee model presented in Chapter VIII Implanted Knee Kinematics Analysis.

4.2 Current Processing Methodology: Distortion Correction

Distortion correction of X-ray images is an essential technique used in medical
imaging to improve the accuracy and reliability of diagnostic images, as an example in
Figure 16. X-ray images can often suffer from image distortion caused by image processing
[21] because the process of developing and digitizing X-ray films can also introduce
distortion in the image. For example, if the film is not developed correctly or the
digitization process is not calibrated properly, it can cause the image to appear distorted.
The distortion correction technique is aimed at correcting these distortions to improve the

accuracy of the image and, in turn, enhance the accuracy of the diagnosis. The process of

39



-

Step 2: 3D Reconstructed

CAD Models
Deep —
N 1 Optimization
cura Refinement
Network Tool
1
Inputs: Step 1: Segmented Image Predicted Final Registration  Step 4: Kinematics Model
Fluoroscopy DNN Mask Images Results

Images

Deep

Neural
Network

2
Step 3: 3D-2D Registration Intermediate
DNN Registration
Results

Figure 15. Main methods framework for the proposed machine learning approach.

Channel 3

Figure 16. Example of image disstortion correction.
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distortion correction involves the use of software algorithms that analyze the image and
identify any distortions present. Once identified, the algorithm applies a corrective
transformation to the image, adjusting for the distortions and improving the accuracy of
the image. This process can be automated, which allows for high throughput and faster
diagnosis times.

One of the main advantages of distortion correction of X-ray images is its ability to
improve the accuracy of the diagnosis. Correcting distortions that are present in an image
leads to clearer and easier to interpret images, which in turn contributed to a more accurate
diagnosis. This can be particularly beneficial for patients with complex conditions that
require careful examination and analysis. Another advantage of distortion correction is that
it can be applied to a wide range of X-ray imaging modalities, including CT scans, MRI
scans, and ultrasound. This means that the technique can be used to improve the accuracy
of a wide range of diagnostic tests, further improving patient outcomes and reducing the
need for further testing. Distortion correction of X-ray images is a valuable technique that
has the potential to improve the accuracy of diagnostic imaging and, in turn, enhance
patient outcomes. Its ability to be applied to a wide range of imaging modalities and to be
automated for high throughput makes it an essential tool in the field of medical imaging.

Prior to distortion correction, the distortion must be quantified and analyzed using
a control image. Specifically, a highly engineered “beadboard” is to determine the nature
of the image distortion. The beadboard is manufactured with tightly controlled tantalum

beads placed exactly 1 cm apart, then it is positioned in front of the fluoroscopic unit and
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captured accordingly (Figure 17). Standard image processing techniques are typically used
to “clean” the image so the contrast between the beads and the image background is more
significant. Using the information from these tantalum beads, a distortion correction
algorithm is used to “unwarp” the virtual fluoroscopic image, so all beads are re-aligned as
they are in the real world [21]. Sample images from before (Left) and after (Right)
unwarping are seen in Figure 18. This distortion correction algorithm can then be applied
to all fluoroscopic images captured from the same fluoroscopy unit on the day of data
collection. It is wise to conduct the distortion process each day the fluoroscopic unit is
used to take into account changes that may occur.

One of the main advantages of distortion correction of X-ray images is its ability to
improve the accuracy of the diagnosis. Correcting any distortion that is present leads to
images that become clearer and easier to interpret, which leads to more accurate diagnoses.
This can be particularly beneficial for patients with complex conditions that require careful
examination and analysis. Another advantage of distortion correction is that it can be
applied to a wide range of X-ray imaging modalities, including CT scans, MRI scans, and
ultrasound. This means that the technique can be used to improve the accuracy of a wide
range of diagnostic tests, further improving patient outcomes and reducing the need for
further testing. Distortion correction of X-ray images is a valuable technique that has the
potential to improve the accuracy of diagnostic imaging and, in turn, enhance patient
outcomes. Its ability to be applied to a wide range of imaging modalities and to be

automated for high throughput makes it an essential tool in the field of medical imaging.

42



Figure 17. Beadboard examples.

Figure 18. The image before (Left) and after (Right) correct the distortion.
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In the context of medical imaging, it is commonly accepted that slightly distorted
images may suffice for simple diagnosis. However, when it comes to conducting precise
quantitative measurements on such images, a degree of distortion can lead to significant
errors. It is therefore imperative for accurate assessment that any image warped image be
accurately corrected before proceeding with further analysis. Failure to undertake such
measures may result in overlay misalignment and the inability to accurately discern the
shape of components within the video. In light of this, the unwarping of images is deemed
an essential step in the pursuit of reliable and accurate results.

4.3 Image Segmentation Using Deep Learning

The first step of the machine learning framework as seen in Figure 15 is the image
segmentation to take out the femur and tibia information from fluoroscopic image by
removing the other around noises. Utilizing the above cleaned and labeled database, the
segmentation of implanted knee images was achieved using a deep neural network model
that shares similarities with Yolact [12]. This model was chosen for several reasons,
primarily due to its ability to accurately predict multiple objects within the image such as
the femur and tibia. In addition, the Yolact-based model is fast and can be applied in real-
time scenarios, which is particularly important in medical settings where time is often of
the essence.

The training data includes 5,000 human supervised subjects of both segmented
femur and tibia images. After training the deep neural network with this dataset, the deep

learning model can take any input of a fluorosocpy image and will output the segmented
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images of both femur and tibia, called mask images as in Figure 19. This segmentation
provides high accuracy, which is an important image processing step for the next problems
of the 3D reconstruction and 3D-2D registration. The method details will be discussed in
Chapter V Image Segmentation.

4.4 3D Reconstruction Using Non-Rigid Registration.

The step for 3D knee reconstruction is optional and required only when the 3D
implanted knee models are not available. 3D reconstruction is the process of creating a 3D
model of an object or a scene from a set of 2D images or videos. As in the above literature
review, there are many registration techniques such as CT scanning, non-rigid registration,
and machine learning. Since CT scanning contains radiation and is expensive, the proposed
approach aims to replace the need for this method by reconstructing the 3D implant knee
model from a few fluoroscopic images. Machine learning techniques, particularly deep
learning, have shown promising results for 3D reconstruction in recent years. However,
machine learning usually relies on a huge training dataset of 3D models that is not always
available. Thus, utilizing the segmented images from the above section, a non-rigid
registration method was proposed and used for reconstructing the 3D implanted knee
models, including both the femur and tibia, by morphing a template model to match the
silhouette of the actual model onto the fluoroscopy image, as an example in Figure 20. The

method details will be discussed in Chapter VI 3D Reconstruction.
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(a) Original fluoroscopic image (Input) (b) Segmented image (Output)

(c) Mask femur image (Output) (d) Mask tibia image (Output)

Figure 19. Example of the input and outputs of the image segmentation.

Output: 3D implant model

Input: Fluoroscopic images

Figure 20. The input and output of 3D reconstruction step.
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4.5 3D-2D Registration Using Deep Learning

After obtaining 3D models required for image registration, 3D-2D registration
techniques are used to register the 3D implanted knee model onto the fluoroscopy images,
as an example in Figure 21. 3D to 2D registration is the process of aligning a 3D model to
a 2D image of the same object or scene. For many years, this process is usually completed
manually, which quickly becomes most labor-intensive and time consuming [22]. The
proposed approach aims to automate this procedure by using machine learning to achieve
the high accuracy and efficiency of 3D to 2D registration.

The most common approach for 3D to 2D registration using machine learning is to
train a deep neural network (DNN) model on a dataset of 3D models and their
corresponding 2D images. The DNN model learns to map 3D points of a CAD model to
their corresponding 2D image locations based on the input image and the 3D model. This
allows the DNN model to estimate the pose and alignment of the 3D model relative to the
2D image. There are several popular DNN architectures for 3D to 2D registration, such as
PointNetLK [23], DPOP [24], and PRNet [25]. These models use different techniques to
capture spatial information and context in the input images and 3D models, such as point
cloud processing, convolutional layers, and geometric constraints.

Among the existing machine learning models, EfficientPose [26] was chosen and
constructed as the deep neural network model for registering implanted models for several
reasons. This model is exceptionally fast and provides the highest accuracy compared to

existing learning models, making it an ideal candidate for quickly registering implanted
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J Output: Registration transformations

Inputs: Fluoroscopic image + 3D implant model

Figure 21. Input and output of 3D-2D registration step.
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models while maintaining accuracy. Moreover, it can simultaneously predict multiple
objects, including the femur and tibia. However, due to the variability of implant types
from different companies and brands in the dataset, the machine learning results may
contain errors. Therefore, after the predicted registration results from machine learning
model are achieved, they are refined using a non-convex optimization problem to search
for better registration fit around the initial pose. In Chapter VII Automated 3D-to-2D
Registration, various optimization methods and non-learning registration methods will be
compared to identify the optimal approach for implanted knees.

4.6 Kinematics Calculation

The ultimate goal of this study is for a subject to perform a specific activity and the
algorithm derives the kinematics for an implanted knee. The analysis focuses on specific
parameters such as AXR (Axial Rotation), LAP (Lateral Anterior/Posterior Position), MAP
(Medial Anterior/Posterior Position), LSI (Lateral Superior/Interior Position), and MSI
(Medial Superior/Interior Position), which are critical in describing the position and
movement of the implant components with respect to the patient's anatomy. AXR refers to
the rotational movement of the knee joint, and it is crucial to restore this natural rotation in
TKA to prevent implant wear and instability. LAP and MAP, as well as LSI and MSI,
describe the implant position in the anterior-posterior direction relative to the patient's
anatomy, which is essential for proper patellar tracking and to prevent stress on

surrounding tissues.
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With respect to a TKA, it has been suggested many times that it is important to
restore this natural motion of the knee joint to prevent excessive wear and instability of the
implanted knee [27, 28]. Measuring AXR can help surgeons ensure that the implant is
aligned properly to allow for natural rotational movement. Both LAP and MAP, as well as
LSl and MSI, describe the position of the implant in the anterior-posterior direction relative
to the patient's anatomy. Accurate placement of the implant in this dimension is important
for proper tracking of the patella and to prevent excessive stress on the surrounding soft
tissues. Misalignment in this dimension can lead to patellar instability and premature
implant failure.

The above-described kinematics parameters have been used routinely in evaluating
the kinematics of a TKA [29, 30, 31]. To calculate these interested parameters, a kinematic
knee model in Chapter VIII Implanted Knee Kinematics Analysis was developed by
incorporating the image segmentation, 3D reconstruction, and 3D-2D registration
techniques discussed in above sections. The resulting model provides accurate
measurements of the implant's position and movement in relation to the patient's anatomy,

which is critical for the successful outcome of TKA.
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Chapter V

Image Segmentation

The foundation for the upcoming chapters of 3D reconstruction and 3D-2D
registration is image segmentation, which is a key image processing step required for
automated 3D-2D registration. Specifically, image segmentation is used to process the
fluoroscopic image to generate the 2D silhouette to which the corresponding 3D CAD
model will later be registered. Utilizing a deep neural network technique with a large
human-supervised dataset from the CMR research lab, knee image segmentation on every
image in the database is performed. The simulation results demonstrate the model's
robustness, achieving both high accuracy and fast running time.

5.1 Introduction

Image segmentation is the process of dividing an image into multiple parts or
regions based on certain characteristics such as color, texture, or shape [11]. It is an
essential task in computer vision and image processing, and it plays a crucial role in various
applications, including object recognition and tracking. By segmenting an image into
different objects, it becomes easier for a computer algorithm to recognize and track those
objects in subsequent frames of a video or image sequence. In medical imaging such as CT
scans or MRIs, image segmentation is used to identify and isolate specific structures or
organs in the human body, which helps in diagnosing and treating diseases. For our 3D
registration process, the raw fluoroscopy image contains unnecessary information such as

bone texture, soft tissue texture, and generic excess image noises. Therefore, it is important

51



to remove this noise and isolate only the information of the implanted components,
typically the femur and tibia, for kinematics analysis purposes, as demonstrated in Figure
22. Due to the size of the current database, developing a robust and fast image segmentation
technique is important and becomes a foundation for the other problems such as 3D
reconstruction and 3D-2D registration.

The traditional approach to image segmentation involves manual tracing of regions
of interest by an expert, which can be time-consuming and prone to human error. Thus,
automated image segmentation algorithms have been developed to overcome these
limitations and provide faster, more accurate segmentation. There are several techniques
for automated image segmentation, including thresholding, edge detection, clustering, and
machine learning-based methods. Thresholding involves setting a threshold value to
distinguish between the object of interest and the background [32]. While this approach is
simple and easy to implement, it is subject to errors from image noise. Edge detection
algorithms identify boundaries between different structures based on changes in intensity
[33]. Clustering algorithms group pixels with similar characteristics into distinct regions
[34]. The ability of those methods to segment blurry or low-quality fluoroscopic images is
very limited. With the explosion of computation power, machine learning-based methods
can use artificial intelligence algorithms efficiently to learn how to segment images based
on training data.

Due to the dynamic nature of patient data collection, fluoroscopic videos and

images used for 3D-2D registration can pose several challenges and can result in blurry
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Figure 22. Example of the implanted knee fluoroscopic image (left) and its segmentation with

femur (red) and tibia (blue).
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images. For example, Figure 23 (a-i) illustrates several typical worst-case scenarios that
can occur during data collection. The first case (a) is the most popular and characterized
by blurry fluoroscopic images due to the low-rate video produced by the machine to ensure
patient and technician safety. The next cases (b-c) frequently occurs when the knee is
outside the captured range of the small fluoroscopic machine. Cases (d) and (e) arise when
the implanted femur, implanted tibia, and resurfaced patella overlap, making it challenging
to distinguish the metal implants in the fluoroscopy. The next case (f) occurs when both
legs have been implanted, further complicating image capture. Sometimes the fluoroscopic
data contains noise as case (g) with a sub-screen inside the image. The most challenging
cases (h) and (i) combine all the above issues, such as blurry edge, and overlapping images.
Usually, the traditional approaches require careful manual oversight in cases such as these,
so resolving these cases automatically will be an important foundation for the next
chapters.

Deep learning is the most widely used machine learning approach for image
segmentation. Among advanced deep neural networks available for this task, such as FCN
[35], CRF-RNN [36], DPN [37], GCN [38], and Yolact [12], Yolact stands out for its high
accuracy and speed, making it a logical choice for knee image segmentation. Firstly,
because each fluoroscopy knee video contains multiple frames, which varies based on the
frames-per-second of the individual fluoroscopy unit, the learning model needs to be fast
enough to segment many images. Yolact is built based on ResNet model [39] that has

excellent speeds, around 5 ms, to evaluate the mask. Additionally, the quality and
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(a) Blurry image (b) Out of the captured range (edge) (c) Out of the captured range (edge)

(d) Overlap (femur & tibia) (e) Overlap (femur & resurfaced patella) (f) Two implanted knees

(g) Noise (sub-screen) (h) Combinations (blurry & overlap) (1) Combinations (edge & blurry & overlap)

Figure 23. Examples of several representative challenging cases of implanted knee image

segmentation that might be impossible by manual human vision.
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robustness of Yolact in evaluating multiple subjects has been validated with higher
accuracy in comparison with other methods using COCQO’s dataset with 2.5 million labeled
subjects of 91 different objects in 328 thousand images [40]. Thus, Yolact model is very
promising for segmenting implanted knee regions, including both femur and tibia, if the
training supervised implanted knee dataset is big and accurate enough to train the model.

The remaining biggest challenge in using the above deep learning model is how to
build the dataset for both training and testing. The CMR research lab has amassed a vast
dataset of fluoroscopy data, comprising approximately more than 5,000 implanted knee
images, which are further associated with corresponding 3D implanted models that were
overlayed manually onto their fluoroscopy images for the conventional kinematics analysis
purposes. By using a voxelization projection of the 3D models with known transformations
onto the fluoroscopic image plane, the segmented image of the corresponding fluoroscopy
image is created to become the training data for the image segmentation deep learning
model. Overall, this chapter proposes a methodology to convert the existing registration
dataset into effective training data for machine learning and build a robust segmentation
deep learning model.

5.2 Method

A machine learning-based approach was selected for knee image segmentation
because this method employs artificial intelligence algorithms that can learn how to

segment images by utilizing training data. The method consists of two primary subsections:
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preparation of the training data and development of the deep neural network model, which

are both summarized as the framework in Figure 24.

5.2.1 Data Preparation: Convert Registration Data to Segmentation Data

Per Figure 24, the deep learning model dataset is comprised of three inputs:
fluoroscopic images, corresponding CAD models, and 3D-2D registration transformations.
The CMR lab has manually registered around 5,000 subjects with an accuracy of 0.65 mm
and 1.5 degrees [5], providing a reliable dataset for a 3D-2D registration technique that is
aimed at matching the projection of the 3D model with the silhouette of the implant in the
2D image.

By using voxelization projection, the known registration transformation can
produce segmented images of both femur and tibia, as depicted in Figure 25. This process
generates a raw segmentation dataset consisting of 5,000 pairs of the original fluoroscopic

images and corresponding segmented and labeled images of either femur or tibia.

5.2.2 Data Preparation: Convert to COCO’s format

The COCO (Common Objects in Context) dataset is a widely used, large-scale
dataset for image recognition, segmentation, and captioning, which is particularly useful
for developing and evaluating computer vision algorithms for object detection,
segmentation, and image captioning [41]. By converting the current implanted knee dataset
to the COCO format, it is possible to compare and verify the accuracy and performance of

the proposed deep learning model against other existing learning methods. This involves
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Input 1: Fluoroscopy image Mask image
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Input 2: CAD model
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Input 3: Ground truth of manual overlaying -

Figure 24. Data preparation of one subject for training the deep neural network of image

segmentation.

\»

Input 1: Fluoroscopy image Blank same-size image Mask femur image (labeled)
A
]

Input 2: CAD femur model Voxelisation projection
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Input 3: Ground truth of manual overlaying —

Figure 25. Example of converting registration data into segmentationd data.
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dividing the TKA dataset into training and testing subsets, with each subject containing the
original fluoroscopic image in jpg format as well as additional parameters such as image
size, bounding box, area, boundary, and category of the object (either femur or tibia), all
saved in a json format file. The dataset is then verified using the open-source COCO viewer
software, as seen in Figure 26, ensuring the accuracy and readiness of the dataset for

training purposes.

5.2.3 Deep Learning: Training

The training data for the proposed deep learning model consists of 4,500 subjects,
each containing both femur and tibia data. These subjects are fed into the model built based
on the open-source Yolact [12] which is a development of ResNet model [42]. The model
takes the original fluoroscopic images as inputs and produces segmented images with
segmentation parameters of a bounding box, boundary, and label as outputs. The training
procedure uses the backpropagation method, accelerated by GPU acceleration
multiplication. This procedure is performed on the Alienware Aurora R13 Desktop,
equipped with 32 Gb RAM and NVIDIA GeForce RTX 3080 GPU. It runs for 1 million
epochs with a batch size of 8 and takes approximately 3 days to complete the training

process.

5.2.4 Deep Learning: Testing and Evaluation

Upon completion of training the deep neural network, the model was evaluated on

a testing set comprising 500 subjects, and subsequently validated in the following sections.
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Figure 26. The TKA dataset is verified by the open-source COCO viewer.
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As illustrated in Figure 27, the trained model was employed to predict the mask images of
the femur and tibia in the implanted knee image. The DNN, after receiving the fluoroscopy
image as input, outputs a segmented image or mask image. Notably, this DNN has the
ability to predict both femur and tibia simultaneously. The predicted mask image obtained
can be utilized to compare with the ground truth in the testing set, or to assess the accuracy
in comparison with other segmentation or learning methods in subsequent sections.

5.3 Results

This section describes the evaluation of the proposed deep learning method in
comparison to the other methods as well as the robustness of the deep learning method by
segmenting a fluoroscopic video. The 5,000 implanted knee images in the database yield
approximately 10,000 known segmented images of both femur and tibia, which were
separated into a training set (90%) and testing set (10%). The simulation results of the
trained deep learning model revealed impressive accuracy via comparison of the predicted
segmentation images with the ground truth using Mean Average Precision (mAP) criteria
(a metric for evaluating object detection models with a range of [0; 100]) [43]. With
Intersection-over-Union (loU) = 0.5, the mAP for predicting the mask of the femur is
excellent at 98.99, while this number for tibia is approximately 100. The proposed method
is also compared with the manual approach and other automatic methods as thresholding
and edge detection. The deep learning model revealed impressive results when segmenting

all frames of a fluoroscopic video, including blurry images that might not be able to be
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Figure 27. The framework of using the trained segmentation deep neural network.
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segmented my human vision. The details of the results will be discussed in detail in the

next sections.

5.3.1 Evaluation Criteria

The image segmentation algorithm is evaluated based on several metrics to measure
overall accuracy and effectiveness. Some common metrics used for evaluating image
segmentation include Intersection-over-Union (loU), precision and recall, F1 score, and
mean-Average-Precision (mAP) [43]. loU measures the overlap between the predicted
segmentation and the ground truth segmentation, as shown in Figure 28. It is calculated as
the ratio of the area of the intersection between the predicted and ground truth segmentation
to the area of their union.

For precision and recall, precision measures the proportion of true positives in the
predicted segmentation, while recall measures the proportion of true positives in the ground
truth segmentation, which are both useful metrics for evaluating the performance of the
segmentation algorithm in detecting an object or region of interest. The F1 score is a
weighted average of precision and recall that considers both metrics. It is calculated as the
harmonic mean of precision and recall.

Finally, Average Precision (AP) is computed by sorting items or predictions based
on their confidence scores, computing the precision and recall values for each item, plotting
the precision-recall curve, and then computing the area under the curve using numerical
integration. Specifically, the formula for AP involves summing up the product of precision

and the difference between adjacent recall values for each item. The resulting value
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Area of Overlap
loU =

Area of Union

Figure 28. Illustration of loU (pyimagesearch.com).
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provides a measure of the quality of the ranked list of items or predictions, with higher

values indicating better performance.

1 N
AP = =
m NZAP"
k=1

Mean Average Precision (mAP) is therefore the average of the Average Precision
(AP) values across multiple classes or categories. To compute mAP, AP is computed for
each class separately using the steps outlined for AP. Then, all of the derived AP values
are averaged to get the mAP. This approach is commonly used in object detection and
image retrieval tasks, where there are multiple categories of objects or images that need to
be ranked and evaluated. mAP provides an overall measure of the performance of the
system across all categories and is a widely used metric for evaluating object detection
models [43]. The mAP metric is popular because it’s very simple to compare the
performance of many models by only a single number. Thus, we chose mMAP as the criteria

for evaluating the outputs of the proposed deep learning method.

5.3.2 Result of Several Representative Cases

Figure 29 and Figure 30 depict the original fluoroscopy images, along with their
corresponding segmented images, generated using a single deep neural network. The
implants used in the images are PS and CR TKA, as seen in Figure 29a and Figure 30a,
respectively, and the neural network model classifies the objects and predicts the
corresponding masks for both femur (red) and tibia (blue), as illustrated in Figure 29b and
Figure 30b. The masks of both femur and tibia are perfectly overlaid with the
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(a) Original fluoroscopic image

(b) Predicted segmented result by deep learning

(c) Mask femur image

(d) Mask tibia image

Figure 29. A sample of an original fluoroscopy image of the PS implant patient and the

corresponding of the segmented images.
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(a) Original fluoroscopic image (b) Predicted segmented result by deep learning

(c) Mask femur image (d) Mask tibia image

Figure 30. A sample of an original fluoroscopy image of the CR implant patient and the

corresponding of the segmented images.
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corresponding silhouettes, as evident from the visualization. The segmentation outputs are
presented as mask images for femur (Figure 29c and Figure 30c) and tibia (Figure 29d and
Figure 30d), which will be utilized in the later steps for automatically registering 3D CAD
models to 2D fluoroscopy images. While there are no quantitative metrics calculated from
Figure 29 and Figure 30, these qualitative results overall suggest the efficacy of the
proposed deep learning approach in accurately segmenting the implants in fluoroscopy

images.

5.3.3 Comparison with the Ground Truth

The results for the evaluation of the deep learning model for predicting the
implanted knee are performed on 500 testing images with the known ground truths,
presented in Table 1. A segmentation model with a higher mAP value indicates greater
accuracy. The best three deep learning models for segmenting the COCO test-dev dataset
[44] are Mask R-CNN with mAP=34.7 [45], PA-Net with mAP=36.6 [46], and MS R-CNN
with mAP =38.3 [47]. The mAP for the segmented mask images of the implanted knee by
deep learning compared to the ground truth was 88.83, while this number of predicting the
2D box was 97.57. These findings demonstrate the high accuracy of the deep learning
model for segmenting the femur images compared to the ground truth, and the high-quality
training dataset. Therefore, the mask of the femur obtained by deep learning can be

considered accurate and can be utilized in the subsequent steps.
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Table 1. mAP comparison between the ground truth and the predicted registered knee image.

loU

all

0.50

0.55

0.60

0.65

0.70

0.75

0.80

0.85

0.90

0.95

box

97.57

100.0

100.0

100.0

100.0

100.0

100.0

98.96

98.87

97.59

80.33

mask

88.83

100.0

100.0

100.0

99.35

99.35

98.14

98.01

96.30

86.76

10.34
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5.3.4 Comparison with Other Methods

The qualitative comparisons of the segmented results with manual and thresholding
methods are shown in Figure 31 and Figure 32. The thresholding method uses the pixel
color value to distinguish the darker silhouette of the femur and tibia metal implants from
other components in the fluoroscopic image, resulting in a mask for both implants as shown
in the second column of the figure. The manual approach uses Adobe Photoshop to detect
the regions of the femur (red) and tibia (blue) separately, which is demonstrated in the third
column of the figure. The results obtained through deep learning are presented in the fourth
column, where the femur (red) and tibia (blue) are distinguished. In the regular testing cases
presented in the figure, the results obtained through deep learning outperform those
achieved using the benchmark manual methods. Furthermore, the proposed deep learning
approach handles several cases that failed the benchmarks remarkably well, as discussed

in the subsequent sections.

5.3.5 Challenging Cases: Blurry Images

In line with the introduction section, the predicted segmentation results are
presented for challenging cases that can be occasionally encountered during the collection
of fluoroscopic data and may pose a significant challenge for traditional segmentation
methods. These challenging cases are shown in Figure 33 through Figure 42. Specifically,
Figure 33 and Figure 34 depict the blurry case that results from patient movement.
Typically, these cases contain only around a half number of the frames in each fluoroscopic

video and are particularly difficult to segment using manual approaches due to the inability
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Fluoroscopic Image Threzholding ManualTool DeepLearning

Figure 31. The comparison of the deep learning method with other traditional methods.
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Figure 32. The comparison of the deep learning method with other traditional methods (continued

from the previous page).
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- femur: 1.00%,

Figure 33. A challenging case of the blurry image (left) and the predicted segmentation result

(right).

fermur: 1.00

Figure 34. A challenging case of the blurry image (left) and the predicted segmentation result

(right).
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Figure 35. A challenging case of the out-of-captured range image (left) and the predicted

segmentation result (right).

femur: 1.00

Figure 36. A challenging case of the out-of-captured range image (left) and the predicted

segmentation result (right).
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Figure 37. A challenging case of the overlap case image (left) and the predicted segmentation

result (right).

femur: 1.00

fibia: 1.00

|4

Figure 38. A challenging case of the overlap case image (left) and the predicted segmentation

result (right).
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femur: 1.00

tibia: 1.00

Figure 39. A challenging case of the multiple implants image (left) and the predicted segmentation

result (right).

femur: 1.00

Figure 40. A challenging case of the multiple implants image (left) and the predicted segmentation

result (right).
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femur: 1.00

Figure 41. A challenging case of the image (left) with multiple challenges (overlap & blurry) and

the predicted segmentation result (right).

tibia: 1.00

Figure 42. A challenging case of the image (left) with multiple challenges (edge & overlap &

blurry) and the predicted segmentation result (right).
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of human vision to detect the edge of the implanted models in the fluoroscopic images.
However, the right images in both Figure 33 and Figure 34 demonstrate the remarkable

effectiveness of our deep learning approach in segmenting blurry images.

5.3.6 Challenging Cases: Edge Cases Images

The out-of-captured range cases, which are often referred to as edge cases are shown in
Figure 35 and Figure 36. In Figure 35, the femur falls outside the captured range of the
camera, while in Figure 36, the tibia is not within the captured range. These cases can also
occur during data collection, as the fluoroscopy unit is collimated, and the image intensifier
is typically small to ensure patient and technician safety from radiation exposure. The
results presented in these figures again demonstrate the ability of our deep learning model
to not only detect masks within the image range but also accurately predict the shapes of
both femur and tibia outside of the capture range. This capability of our model is
particularly noteworthy as it enables the segmentation of even the most challenging cases,

ultimately leading to more accurate and reliable results.

5.3.7 Challenging Cases: Overlap Cases Images

The overlap cases when two or more of the femur, tibia, and resurfaced patella
overlap each other are shown in Figure 37 and Figure 38. Usually, the femoral and tibias
TKA components are separated by a thin polyethylene bearing, so depending on the angle
the patient’s knee makes with the X-ray source, their silhouettes may overlap with each

other on the fluoroscopic image, seen in Figure 37. Similarly, a metal resurfaced patella
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can be considered noise for image segmentation when it overlaps with the femur in Figure
38. This all makes the segmentation more challenging when using the conventional
threshold method. The results on the right images show that the deep learning approach
can still predict the segmented regions of both femur and tibia for these difficult cases, as

well.

5.3.8 Challenging Cases: Two Implanted Knees

Another challenging case where patients have both knees implanted leads to
difficulties visualizing thee knee implant of questions as shown in Figure 39 and Figure
40. Although fluoroscopic unit is used to capture a single implanted joint for evaluation,
sometimes the fluoroscopic images can include two implants when the patient is a bilateral
patient, as seen in the multiple implants case. Nonetheless, the right images in both figures
again demonstrate the ability of our deep learning model to detect the segmentations of

multiple implants in the image, showcasing the robustness of our approach.

5.3.9 Challenging Cases: Combinations

Finally, in Figure 41 and Figure 42, multiple challenges are evident when a
combination of the aforementioned cases occurs. In each figure, the left image displays the
original fluoroscopic image, while the right image exhibits the predicted segmentation
result for both femur and tibia. Figure 41 poses a challenge with a blurry and overlapping
image, while Figure 42 contains edge, overlap, and blurry cases, making them both difficult

images to segment manually. Nonetheless, the segmentation results in the right images
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demonstrate the exceptional performance of our deep learning model in accurately
segmenting both femur and tibia. These results testify to the robustness of our proposed

learning approach, especially when dealing with challenging images.

5.3.10 Application in Segmenting a Fluoroscopic Video

The manual registration approach can also be limited in its ability to register all frames of
a fluoroscopy video. In other words, we typically only register at intervals of 0, 30, 60, 90,
and 120 degrees. While this range can be expanded, it does require more manual work.
However, the deep learning model offers a more robust and versatile solution, allowing for
segmentation of every frame within a fluoroscopic video. In Figure 43, the machine
learning model is demonstrated to be highly robust in segmenting all frames of a
fluoroscopy video. It means that the method can capture every single degree of flexion.
Due to the limitation of a visual layout, only 10 degrees increments of flexion are shown
in Figure 43. This excellent performance makes the model highly promising for analyzing
the kinematics of all frames in a fluoroscopic video. Moreover, the model's high processing
speed suggests potential for real-time use.

5.4 Discussion

Automated image segmentation is an essential tool in 3D-to-2D image registration
which can revolutionize the field by allowing for faster, more accurate analysis of images.
These techniques can also be expanded to additional fields of medical imaging analysis,
such as CT scan segmentation and Ultrasound analyses. While manual segmentation is

time-consuming, prone to human error, and subject to inter-observer variability, automated
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Figure 43. Application of deep learning in segmenting a fluoroscopic video.
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image segmentation provides a more objective and reproducible analysis of medical
images.

The various methods of automated image segmentation have both strengths and
limitations. For example, thresholding is a simple method that is effective for segmenting
objects with a well-defined intensity range, but it may not work well for objects with
overlapping intensities or inhomogeneous backgrounds. On the other hand, machine
learning-based methods can learn complex image features and can rapidly achieve state-
of-the-art performance in various segmentation tasks. Thus, the proposed approach shows
a fast and efficient deep neural network model for segmenting the implanted TKA images.

The proposed approach uses only a single deep neural network to create the masks
of both femur and tibia with various implant types, such as PS and CR implants. Utilizing
the registration dataset from the CMR lab, the segmentation dataset for training and testing
purposes is created by using the voxelization projection [48] from the registration results.
The simulation results show the great performance of the segmentation results by deep
leaning in comparison with the ground truth as well as the other benmark methods.
Additionally, the deep learning model is very robust by showing the great segmentation
results by evaluating many challenging cases as well as via the entire frames of a
fluoroscopic video that are impossible by doing manually.

While deep learning has demonstrated promising results in image segmentation,
there are still several limitations to its application. One major challenge is the requirement

for large amounts of labeled data to train the model, which can be both time-consuming
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and expensive. Another limitation is the model's tendency to overfit the data, resulting in
poor generalization for new images. Although techniques such as data augmentation can
help address this issue, adding more training data has proven to be more effective in
improving accuracy. Moreover, deep learning models may struggle with complex
structures or variations in lighting, which can lead to segmentation errors. It should also be
noted that perfect segmented results cannot always be achieved due to the training dataset
containing a variety of implant models from different manufacturers. Despite these
limitations, deep learning remains a powerful tool for image segmentation and will
continue to be refined and improved through ongoing research and development efforts.
In summary, deep learning-based image segmentation has emerged as a game-
changing technique in the field of medical imaging. It has brought significant
improvements in accuracy, speed, and robustness compared to traditional methods, with
potential applications beyond the knee joint. As medical imaging data continues to grow
in quality and quantity, and deep learning algorithms continue to evolve, we can anticipate
further breakthroughs and practical solutions for clinical problems. The successful
implementation of deep learning-based image segmentation is a critical step in achieving
automatic and efficient analysis of implanted knee kinematics through subsequent 3D

reconstruction and 3D-2D registration.
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Chapter VI

3D Reconstruction

This chapter pertains to the 3D reconstruction of a 3D CAD model that might be
optional, if for instance study involves fluoroscopy of a TKA but the research does not
have CAD models of the implanted components. Therefore, the 3D reconstruction step
might be skipped if the implant CAD model available are obtained from the manufacturer.
However, when the implant CAD model is not available, this chapter shows an optimal
methodology to reconstruct it from four fluoroscopy images.

6.1 Introduction

3D-to-2D registration methodologies have been around for nearly 30 years [49, 50,
7, 5], where the purpose of this such methodologies is to register a 3-dimensional (3D)
computer-aided design (CAD) model onto several 2-dimensional (2D) X-ray or
fluoroscopic images to ultimately generate the in vivo weight bearing kinematics of a
patient’s implanted or non implanted joint [5, 22]. These techniques can be applied to a
variety of activities to extract patient kinematics [51, 31]. Futher using these kinematics
and other patient parameters in combination with computational modeling, the kinetics of
the implanted joints can be further computed and analyzed for pre- and post-operative
surgical evaluation or to aid with improvements of the next implant generation design.
These methods have successfully contributed to the improvement of both total knee

replacement (TKA) [30, 52] and total hip replacement (THA) [53] systems, as well as other
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implanted joints. To conduct an evaluation of an implanted joint, both fluoroscopic videos
and the corresponding CAD models are required.

While 2D videos are easy to obtain by capturing the patient's joint motion via
fluoroscopy, obtaining the correct corresponding CAD model can be more challenging.
CAD models are typically obtained directly from the manufacturer, through 3D laser
scanning, or through CT scan segmentation [54]. However, all three of these methods have
limitations, and the CT approach seems particularly harmful to the patients due to the
radiation exposure [55]. Thus, when CAD models are unavailable, reconstructing accurate
3D models from a limited number of fluoroscopy X-ray images (Figure 44) is a challenging
task but important for both patient safety and data cohesiveness.

There are many current techniques for 3D reconstruction problems using X-
ray/fluoroscopic images of the implant models. Previously, a technique using the rigid
Iterative-Closest-Point (ICP) algorithm was used to reconstruct patient-specific 3D bone
surfaces [56]. However, one major drawback of rigid registration techniques is that they
are unable to reconstruct complex curves because rigid registration algorithms aim to solve
translation, rotation, and scale information only. A modern technique uses statistical shape
modeling (SSM) to register 3D knee joint model from single plane X-ray fluoroscopy using
nonlinear shape priors [57], and it is also possible to utilize bi-planar fluoroscopic image
registration and morphing, which can reduce error magnitudes but exposes the patient to
additional radiation [58]. A recent study also used SSM to reconstruct lumbar spine by

biplanar radiographs [59] with moderate success of 1.7 mm — 2.0 mm of average error

85



PS1 Size 4 Available CAD y
Unavailable CAD

PS1 Size 7 ; 9
[ ]

CR 1Size4 Unavailable CAD . ‘)
L]

i Unavailable CAD

PS2 Size 4 ‘)

L ]

Figure 44. The proposed problem, wherein 2D-3D registration is needed for analysis, but no CAD

models are available to generate results.
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compared with the ground truths. Similarly, with the development of artificial intelligence
(Al) techniques, a machine learning (ML) tool seems very powerful for handling 3D
reconstruction of knee bones from bi-planar X-ray images using convolutional neural
network [60]. Unfortunately, both the SSM and ML methods are logistically complex due
to the requirements of massive training datasets that are not always available.

To overcome the above drawbacks of the current techniques, one of the main
objectives of this study was to develop a non-rigid registration/morphing approach to
reconstruct 3D implant component CAD models. Coherent-Point-Drift (CPD) is a non-
rigid method that can morph and interact with complex curvatures [16, 61], and these
algorithms can be combined with a limited number of 2D X-ray images to produce more
accurate 3D model reconstructions. Utilizing this advantage, an enhancement of CPD is
proposed as the core of this methodology to ultimately design a new 3D implant based on
multiple 2D X-ray images.

6.2 Methods

The overall framework of designing a new 3D femoral implant CAD model from
X-ray/fluoroscopy images is shown in Figure 45. In the beginning, the template model is
scaled uniformly to the actual size of the designing model. The scaled template CAD model
is then morphed onto the actual silhouettes of the implant on the X-ray/fluoroscopy images
using iterative non-rigid registration algorithms. The following sections will describe in
detail the steps for the environment setup, methodology, evaluation, and application of the

morphing algorithm. With regard to maximum robustness, a single template CAD model
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is necessary, from which the rest of the catalog can be morphed, and this single CAD model
can be easily created using 3D laser scanning.

Prior to data collection and algorithm implementation, to optimize the number of
the fluoroscopy images needed for data collection, an analysis was conducted to determine
the number of vertices that are "visible™ to the virtual camera when rotating the template
CAD model about a superior/inferior axis (Figure 46). This analysis determined that four
positions (at 0, 45, 90, and 135 degrees) contain the highest number of vertices. Since many
femoral implant models are usually not symmetric between the medial and lateral side, the
above four fluoroscopic images provide the information on both medial and lateral
articulating surfaces of the designing model for the morphing algorithm. Thus, the data
collection set up shown in Figure 47 was used to capture four fluoroscopic/X-ray images,
with the participant standing fully upright, which successfully optimizes data input and
reduces radiation exposure for the patients.

After the fluoroscopic images have been collected and corrected for distortion [22],
the next step of the proposed methodology involves multiple overlays of the template CAD
model on to the four aforementioned fluoroscopic images [5]. However, these overlays will
logically not fit perfectly because the template model is not the true CAD model (Figure
48). Nonetheless, the overlay is completed as accurately as possible, and the morphing
algorithm then aims to transform these vertices to match with the silhouette of the
fluoroscopy images as illustrated in Figure 49. Furthermore, the morphing algorithm aims

to transform the template model's contour (initial bound) to the target contour (target
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Figure 48. Registration of the template model with errors.
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bound) and keep the template model's vertices moving coherently. The next sections
describe in more detail the processing of the CAD model and the fluoroscopic image to get

those bounds.

6.2.1 Model Processing: Boundary Vertices Statistics

The goal of the model processing step is to find the bounding edge of the CAD
model, represented by the vertices on the boundary of the CAD model, as seen in Figure
50 and Figure 51. The CAD model bounding edge is viewed as a silhouette in the
simulation environment, thus allowing the bounding edge of the CAD model to be
compared to the bounding edge of the fluoroscopy image. The vertex set of the CAD model
is denoted as Zpy3 and forms the yellow curves in Figure 50, where P is the number of
vertices. The output of the model processing step are the boundary vertices Yyxsz € Zpxas,
shown as the red contour in Figure 51, where N is the number of vertices on this bound

(N<P). This process is completed for all 4 registration images.

6.2.2 Image Processing: Edge Detection

Similarly, the goal of the image processing and edge detection steps are to find the
contour of the knee in the fluoroscopy images as seen in Figure 52 and Figure 53. The
fluoroscopy images contain unnecessary information such as bones, extra components, and
other noise, as seen in Figure 52, that needs to be removed. This step can be completed
with standard image processing tools due to the contrast level of the knee implant in

comparison with other parts [62]. However, the quality of fluoroscopy images are not
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Figure 50. Boundary vertices and edge detection in the morphing algorithm: Model Processing

Input.

Figure 51. Boundary vertices and edge detection in the morphing algorithm: Model Processing

Output.
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Figure 52. Boundary vertices and edge detection in the morphing algorithm: Image Processing

Input.

Figure 53. Boundary vertices and edge detection in the morphing algorithm: Image Processing

Output.
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always clear enough for automated tools to work efficiently [5], so manual image
processing can also be used to deal with low quality images. Once the image is processed
to show only the outline/edge of the CAD silhouette, the output of the image processing
step is a set of the white pixels as in Figure 53. Those pixels are reconstructed in 3D by
uniformly searching the closet third coordination with Yyy3 to achieve the target bound of

the CAD model, called Xyx3 . This process is completed for all 4 registration images.

6.2.3 Morphing Algorithm

After preparing the above data (template CAD model Zp, initial boundYy3, and
target bound Xy«3), an Enhanced-Coherent-Point-Drift (ECPD) algorithm is proposed to
design and morph a new CAD model based on the subjected requirements. As above
mentioned, the conventional Coherent-Point-Drift (CPD) algorithm is a registration
method that aligns two point clouds by iteratively optimizing a probability-based model to
find the best transformation that maximizes the coherence between the points. While the
standard CPD algorithm is able to morph between two bounds with the same 3D
dimensions only, our ECPD can design a 3D model subjected to those two bounds. For
each iteration, a section of the template CAD model is combined with the initial bound to
morph to the target bound. At the end, the morphed model's vertices Rpy3 is combined
with the original template model's faces to be saved as a new CAD model. The details of
the algorithm are presented as in Algorithm 1. To make the algorithm more robust, D=3 is

the second dimension of the vertices set throughout the ECPD algorithm.
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Algorithm 1 Enhanced-Coherent-Point-Drift (ECPD) algorithm

Inputs Template 3D model’s vertices (Zpxp), target bound (X« p), initial bound (Y v« p)
Initialize the number of morphed vertices per iteration M — N (M > N)
Computed the rate ‘”P“ of the morphing algorithm
fori=110 [ do
Combine initial bound with a section of Z: Cy,.p = {Y_\-x,_,.Z((,- 1) (M = N)+ L) (i( M N))xD}
Initiate kernel matrix Gy, . coefficients matrix Wy p =062 >0, 0<w <1, =0, v =0
while not convergence do
Compute the posteriori probability distribution matrix Py, y
Compute W = (G + Ae?d(P1) ") Y{d(P1) 'PX — C)
Compute T = C + GW
Update 02 = —+——(tr(XTd(PT1)X) — 2tr((PX)TT) + tr(TTd(P1)T))

‘ D1TP1
end while
Output of i-th iteration R; = T\ v 1).0nx0
end for

Output The morphed model’s vertices R = {R;. R, ..., R
Smooth R, if necessary

} saved as a new CAD file

&)
| M—N

6.2.4 Model Refinement

To improve the accuracy of the morphing algorithm, the entire CAD model is not
morphed as a single entity. Instead, the CAD model is divided into different sections to be

morphed individually, per Figure 54, with different colors representing each section's
vertices. In Algorithm 1, [ﬁ] is denoted as the largest integer not greater than ﬁ, which

represents the number of morphing sections, and in the end those sections are re-assembled
after morphing. However, this leads to the rough surface at the intersection of the morphed
sections (Figure 55). Laplacian smoothing methods [63] are then used to remove the rough
surfaces of the morphed model. This is an optional step at the end of the morphing
algorithm, only if necessary, and yields an improvement of the CAD model after

smoothing, as seen in Figure 56.
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Figure 54. An example of a worse morphed CAD model needed to be smoothed: Multiple sections

in one model.

Figure 55. An example of a worse morphed CAD model needed to be smoothed: Before

smoothing.

Figure 56. An example of worse morphed CAD model needed to be smoothed: After smoothing.
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6.2.5 Posts Reconstruction

The purpose of the posts in knee implant design is to improve attachment with the
bone, although not all knee implants feature them. Typically, CR implants include posts
while PS implants do not. In our morphing algorithm, we excluded the posts because non-
rigid registration can cause the posts to be positioned incorrectly due to differences in
implant size, as shown in Figure 57. While kinematics primarily relies on the implant's
outer surfaces, the posts may not significantly affect them. However, if desired,
reconstructing the posts is a simple optional step that can be accomplished through rigid

registration using the Iterative Closest Point (ICP) method, as demonstrated in Figure 57.

6.2.6 Model Comparison Evaluation

In the algorithm-evaluation study, the algorithm was used to morph into a smaller
TKA template component model and compare it to multiple available known larger sizes.
Within the scope of the evaluation for Algorithm 1, the actual larger CAD models were
available for evaluation, and thus the resulting models from the morphing algorithm were
compared directly to the known results. The morphed model and the actual model are
aligned using ICP, then the error of each vertex of the morphed model is computed by its
distance to the surface of the actual model. The accuracy of the proposed algorithm is
analyzed by computing two types of errors: (i) the root-mean-square (RMS) error, and (ii)
largest source error of all vertices.

6.3 Computational Results

Qualitatively, the results revealed that the new morphed model registered almost
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perfectly with respect to the silhouette of the corresponding fluoroscopy images when
compared to the unmorphed model, as seen in Figure 58. This comparison is evident in
Figure 59 with four different views of a sample morphed model. Quantitatively, a
comparison of the sample morphed model to the known target CAD model can be found
in Figure 60. For the sample case, the RMS error was 0.43 mm, and the absolute largest
source of error was 2.21 mm. Fortunately, the maximum largest error occurred on the
internal surfaces of the model, as seen in Figure 60. Therefore, this is not considered a
concern for future evaluations, as the outer articulation surfaces of the implants are of
greater interest than internal fixation surfaces. In other words, while these surfaces can be
valuable for implant fixation information, they are not articulating surfaces and therefore
are generally not a concern for fluoroscopic studies. Similarly, the articulating surface of
the J-curve shows substantially lower errors, on the order of -0.2 mm to 0.1 mm, which
indicates that the articulating geometry will be accurate, as shown in Figure 61.

A series of 18 implant CAD models of different sizes from different companies
were reconstructed using the proposed morphing algorithm. The results for seven morphed
models are shown in Figure 62. The RMS error and largest source error compared between
the morphed models and the ground truths are listed in Table 2. The average RMS error of
those reconstructed models is 0.53 + 0.12 mm in a range of 0.39 to 0.78 mm. The average
of the largest errors is 2.78 + 0.71 mm in a range of 1.64 to 4.37 mm, but again occurring
on internal features of the implant. These errors magnitudes are acceptable for TKA

kinematics analyses because 0.65 mm is the usual accuracy of 3D registration for 3D knee
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Figure 58. The results of overlaying the unmorphed model (left) and morphed model (right) onto

the fluroscopic image.

Figure 59. Morphed model overlays.
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Figure 60. Heat maps show comparisons between the ground truth and the morphed model: Top

view with largest error.

Figure 61. Heat maps show comparisons between the ground truth and the morphed model:

Bottom view with smaller error articulating surfaces.
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Figure 62. Several morphed models result.

Table 2. The evaluation of 18 reconstruction models.

Test Case No. 1 No. 2 No. 3 No. 4 No. § No. 6 No.7 | No.8 No. 9
RMS Error (mm) 0.49 0.49 0.57 0.50 0.68 0.41 0.42 0.42 0.63
Largest Error (mm) 1.64 2.57 3.01 3.99 2.54 2.11 1.84 4.37 3.03
Test Case No.10 | No.11 | No.12 | No.13 | No. 14 | No.15 | No. 16 | No.17 | No. 18 | Average
RMS Error (mm) 0.63 0.59 0.61 0.43 0.39 0.42 0.78 0.44 0.70 0.53
Largest Error (mm) 3.03 3.25 2.82 2.21 0.20 2.64 2.95 2.78 3.34 2.69
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replacement kinematics evaluations and is often within the tolerances of the manufacturing
process [64, 6]. Moreover, the largest sources of error consistently occurred on non-
articulating surfaces, so the lateral anterior/posterior position (LAP) and medial
anterior/posterior position (MAP) low point TKA kinematics are evaluated by the
millimeter unit scale [65, 66, 29].

A comparison application of the implant morphing algorithm to recreate 3D
femoral component catalogs of cruciate-retaining (CR) and posterior-stabilized (PS)
implants is shown in Figure 63. With a template shown in grey on the left of Figure 63, the
morphing algorithm outputs the other eight with the correct shape. For this mini-evaluation,
the average RMS errors of CR and PS reconstructions are similar, 0.52 + 0.10 mm and 0.54
+ 0.15 mm, respectively, as shown in Table 3. Even though the average RMS error of PS
is higher than this error of CR, the is no significant statistical difference in the
RMS errors between morphed CR models and morphed PS models (p=0.347). Thus, the
proposed morphing algorithm can be used fairly for a variety of implant catalogs.

6.4 Discussion

In this chapter, a novel methodology was introduced to overcome common 3D-to-
2D registration limitations by creating a family of 3D CAD models from a limited number
of X-ray or fluoroscopy images. For recreating each implant CAD model, a morphing
algorithm takes inputs of four fluoroscopic or X-Ray images and a template CAD model.
After processing the images and the template model, the morphing algorithm uses an

enhanced non-rigid registration algorithm to output a reconstructed model. The comparison
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Figure 63. Implant morphing algorithm applications.

Table 3. Cruciate retaining and posterior stabilized TKA reconstructions evaluations.

Cruciate Retaining TKA | CR1 CR2 CR3 CR 4 CR5 CR o CR 7 | Average

RMS Error (mm) 0.68 0.41 0.42 0.42 0.63 0.59 0.50 0.52

Largest Error (mm) 154 2.11 1.84 4.37 3.03 3.25 3.99 3.02

Posterior Stabilized TKA| PS1 PS2 PS3 PS 4 PS5 PS6 PS7 | Average

RMS Error (mm) 0.61 0.43 0.39 0.42 0.78 0.44 0.70 0.54
Largest Error (mm) 2.82 2.21 0.20 2.64 2.95 2.78 3.34 242
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between the reconstructed model and the ground truth shows excellent results, especially
with low errors on the articulating surfaces.

The limitation of the proposed morphing algorithm is a long-running time
proportional to the number of vertices of the designing model because the template model
is divided into multiple sections to be morphed. While a CAD model of 2,000 vertices
requires around 30 minutes to be designed, another CAD model of 8,000 vertices might
take 8 hours, subject to the use of Core i7-8700 CPU @3.20 GHz. This drawback might be
handled by using GPU to compute parallel morphing sections. Another limitation of the
proposed algorithm is the availability of the template CAD model. If the template CAD
model is similar to the ground truth, the morphed model will have smaller errors compared
to the ground truth, and vice versa. Thus, a CR template model is recommended for
designing a CR model instead of using a PS template model, and vice versa. Finally, the
accuracy of the morphing algorithm relies on the initial overlay, so the reconstructed results
might be slightly different due to small changes of the initial registration.

While many existing morphing algorithms focus on reconstructing the bones [56,
59], the proposed morphing methodology is novel and offers many advantages over
machine learning or SSM methodologies for designing the implant knee CAD models.
Bone reconstructions present new difficulties due to the diversity of the bone shapes, but
the proposed morphing algorithm maintains the J-curve design of the articulating surfaces
for the TKA models evaluated herein [67]. The evaluations revealed that the reconstructed

implant CAD models meet a strict requirement of high accuracy for the implant's
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kinematics analyses. Designing 3D models using machine learning often requires a high-
performance computer [60], yet the proposed methodology is simple and can be efficiently
implemented with the lower-performing computers according to Algorithm 1. Similarly,
reconstruction methods using SSM often require huge data sets [57, 68], but the proposed
methodology is possible with a single template model only. Also, fluoroscopic studies are
presently limited to those supported by manufacturers so studies involving multiple TKAs
for a large subset of surgeons have not been conducted because researchers cannot gain
access to the required CAD models. In the future, there will be no limitation to the scope
of fluoroscopic studies.

The proposed algorithm has demonstrated high levels of accuracy with multiple
potential extended applications. While the evaluation focused on the femoral component
model, our algorithm is robust enough to be extended to additional joints, and this
algorithm can also be extended to bones to eliminate the need for CT scan segmentation.
Also, this morphing algorithm guarantees convergence with a feasible solution because the
proposed non-rigid algorithm can morph with any kind of shape from the initial CAD
model to the target images. Having the ability to morph models for any joint can be
beneficial for both designing a new model and revising an existing implant.

Additionally, this algorithm can also be extended to bones to eliminate the need for
CT scan segmentations. While the results from scanning and segmenting 3D models from
CT is undeniably impressive with an average error of 0.3 mm compared with the ground

truth [69], the errors from our proposed algorithm are not substantially higher, only around
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0.53 mm. However, a CT scan of a metal implant such as a TKA is not only difficult but
also time-consuming due to the manual segmentation procedure. Metal scatter from the CT
scan is a cause for concern regarding segmentation. Thus, the proposed methodology
increases the speed of 3D model generation in comparison with CT scans. Moreover, the
radiation of a CT scan for a knee is around 0.1 mSV [70] while taking four fluoroscopic
images for the morphing algorithm is only around 0.005 x 4 = 0.02 mSV [71], yielding a
smaller amount of radiation exposure for patients compared to traditional CT scans.

Creating more personalized knee or hip implants for total joint replacements also
becomes possible using the proposed methodology, and personalized designs can
theoretically improve surgical outcomes [72]. By looping between kinematics analyses,
combining these methodologies with theoretical mathematical modeling [73], and then
iteratively adjusting the articulating surfaces, the proposed morphing methodology has the
potential to find the best customized implant shapes for each individual patient. This
methodology would help companies save both in cost and in time when designing and
testing implant models. In the long-term development of the proposed methodology, the
CAD model is expected to be no longer needed for fluoroscopy studies.

In summary, this methodology can be a useful tool when applied to TKA design
and evaluation given the high accuracy of 3D model outputs and removes all limitations
for future studies that can involve multiple implants and numerous surgeons. These
algorithms demonstrate the potential for detailed implant evaluations given minimal initial

information, specifically CAD models, and can therefore dramatically improve the
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robustness of 3D-to-2D image registration methodologies. Our algorithms also have many
different extended applications, including other fields of engineering, software
development, and computer vision. While this advancing technology is applied
successfully to design the orthopedics implant model, it can be further extended to
contribute to creating 3D objects virtual reality (VR) and augmented reality (AR)
simulations that are becoming popular trends in orthopedics education and surgical

practice.
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Chapter VII

Automated 3D-to-2D Registration

After getting the 2D segmented image from Chapter VV and 3D model from the
Chapter V1. This chapter aims to show an automated approach to the 3D-to-2D registration
problem, which is a proposed advanced step for deriving joint kinematics under in vivo
conditions.

7.1 Introduction

Artificial Intelligence (Al) and Machine Learning (ML) are advancing technologies
that support and enhance countless aspects of our lives, including autonomous vehicles
[74], facial recognition [75], chatbots, fraud detection, operating rooms [76], and more.
These technologies can also help reduce the workload and improve overall efficiency by
automating tasks that have typically been done slowly and manually [77]. One such
example is 3D-to-2D image registration, which has existed for over 30 years and is still the
“gold standard” for in vivo orthopedics analyses, helping determine postoperative total
knee arthroplasty (TKA) and total hip arthroplasty (THA) kinematic outcomes [4], as seen
in Figure 64 and Figure 65.

Unfortunately, current techniques for 3D-to-2D registration typically rely on
manual overlaying, which is extremely time-consuming and labor-intensive, especially
when conducting larger studies on hundreds of participants [78, 79, 80, 81]. Thus, the
application of machine learning for automating 3D-to-2D registration is potentially

extremely impactful.
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Figure 64. A sequence of fluoroscopic images for a DKB from full extension to maximum flexion
at 30° increments is show in the top row, and the same sequence of images with the respective CAD
models overlayed (after completion of the 3D to 2D image registration process) is shown on the bottow

row.

¥ ¥ &

Figure 65. Filmstrip showcasing the implant during DKB activity from full extension to maximum

flexion.
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Before the explosion of ML, many “non-learning” algorithms were used to try to
solve the automated 3D-to-2D registration problem, such as edge-based optimization,
intensity-based optimization, feature-based optimization, etc. Intensity-based registration
has been used for registering both spine models [82] and femur/tibia models [17]. Also, a
brain model is registered by using the intensity-based algorithm [83]. 3D-to-2D registration
of non-implanted femurs was achieved using edge-based registration [84], and 3D-to-2D
registration of TKA femur components was previously completed using edge-based
registration via Lipschitzian optimization techniques [85]. Hence, it is evident that
optimization methods have been extensively employed in addressing the 3D-2D
registration problem in the past.

However, even though these non-learning optimization approaches have been
successful in the past and have yielded adequate accuracy, they unfortunately still require
either a good initial starting pose or human interventions during the process. Regarding our
specific 3D-to-2D image registration technique, optimization methods have proven
effective when applied to high-quality images, such as the left image depicted in Figure
66. However, due to the dynamic nature of fluoroscopic videos capturing in vivo movement
of subjects, as illustrated by the right image in Figure 66, some fluoroscopic frames may
be blurry and challenging, leading to a significant decrease in registration accuracy.
Therefore, this can make both manual approaches and conventional optimization methods

more difficult to analyze these cases.
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Figure 66. Example of clear image (left) and blurry image (right) that is a challeng of manual

registration.
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There are many examples of using deep learning (DL), a popular branch of ML, for
registering the 3D models within a specified space, with very high performance [86, 26,
87]. However, the applications of these methods in orthopedics are currently still limited.
A non-implanted hip model was registered onto biplanar X-ray images using DL, but this
approach requires the CT scan of the hip bone model [88]. The segmented images of the
implanted femur and tibia are processed from the fluoroscopic image by using two
convolutional neural networks, and then they are used for estimating the initial pose by
Fourier descriptor-based estimation [89]. However, the drawback of Fourier descriptor-
based method is their sensitivity to variations in object boundary, such as irregularities and
noise. Even though deep learning models can handle substantial data very well, their
accuracy is always good enough for analyzing in vivo TKA kinematics [89]. There are
many reasons for this drawback such as the necessity of massive training data, variations
of fluoroscopic imaging conditions, expensive hardware for training.

While there have been many attempts at automating these processes in the past, to
our knowledge, all such attempts have fallen short because they are too unstable or have
low accuracy. Fortunately, it is evident that combining the strengths of both non-learning
and learning approaches has the potential to address historic limitations and overcome the
drawback of each methodology in isolation. Additionally, most previous approaches have
been done by using standard datasets such as Linemod [90], Occlusion [91] , and T-LESS
[92]. Our paper demonstrates a more targeted approach by using orthopedic-specific data.

Thus, utilizing the large database of fluoroscopy images and manually registered
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transformations owned by the Center for Musculoskeletal Research (CMR) lab, we propose
a novel machine learning framework to register three-dimensional computer-aided design
(CAD) implant models automatically and accurately onto two-dimensional X-ray or
fluoroscopic images.

7.2 Methods

In the past decades, CMR has collected and manually registered more than 10,000
TKA images, including both femurs and tibias, which yields a large data set that can be
used for algorithm training and can also be used for algorithm accuracy evaluations.
Therefore, utilizing this data set, a novel methodology with two main phases is proposed
for automatic 3D-to-2D TKA registration. In summary, the algorithm starts with all models
oriented in their initial zero position, with no translations and no rotations. The predicted
initial pose is then computed using a deep learning neural network, and from there the
initial pose is refined using optimization techniques. This framework is demonstrated in

Figure 67.

7.2.1 Camera Calibration

Prior to implementing any automated algorithms, a virtual environment for the
camera must be accurately set up to mimic the actual fluoroscopy environment, as seen in
Figure 68. It is important for the intrinsic and extrinsic camera parameters to be calibrated
so that the computer 3D space is identical to the actual fluoroscopic space. Camera
calibration in fluoroscopy for TKA patient involves the process of calibrating the

fluoroscopic imaging system to ensure accurate and precise 3D-to-2D registration of the
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Figure 67. 3D-2D registration methodology using deep learning.
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Figure 68. Virtual camera setup (left) to simulate the fluoroscopy (right).
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images. The calibration process involves several steps. First, a calibration beadboard is
used to unwarp and remove any fish-eye distortion that the fluoroscopy unit may inherently
introduce. The calibration beadboard typically consists of a flat, planar surface with highly
precise markers placed in known positions throughout. The fluoroscopic imaging system
captures images of the phantom from various angles, allowing for the calculation of
specific 3D-to-2D registration parameters, such as the focal length of the camera, the
position and orientation of the camera relative to the beadboard, and the distortion
characteristics of the imaging system [93].

While the intrinsic parameters are discussed in the 4.2 Current Processing
Methodology: Distortion Correction section, this section takes care of the extrinsic
parameters. One of the most important camera parameters is the camera matrix P [93],
which is a 3x4 matrix. The matrix P is important because it maps from world points X to
image points x by x=PX. According to [93], P is decomposed as

P =K[R|-RC(],

where R is 3x4 rotation matrix, C is the camera location vector, K is the form of

a, S X
K=10 Ay Yo,
0 0 1

where (x,; o) is the coordinate of the principal point, s is the skew number (usually 0), a,
and a,, are the scale factors in the x and y coordinate directions respectively (usually a, =

a,, for the square pixel of the image).
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Camera calibration in fluoroscopy for TKA is a critical step in ensuring the
accuracy and precision of the kinematics analysis. During this period, a unique camera
setup was employed, as depicted in Figure 69, with a fixed camera distance of 533.4 mm
from the fluoroscopy image plane. Additionally, the camera view angle between two
parallel edges of the image was consistently set at 0.22 radians. Thus, the camera matrix P
in this setup is a constant matrix, called Py gy ps-

0.5773 0 0 0

Prarps = xX 1= 0 0.5773 0 0
0 0 —0.0011 0.5773

Due to this setup, the image was often scaled down, with one side of the image equivalent

to 118 pixels, which 533.4 x tano'zﬁ X 2 =117.8 = 118 (mm). For example, an original

fluoroscopy image size of 1024 x 1024 (mm) would be scaled down by a factor of ten.
To standardize all current and future fluoroscopy images for a robust machine
learning algorithm, each image in the past dataset needs to be converted into a new standard
camera setup. Specifically, the new setup was calculated to translate from Figure 69 to the
new setup in Figure 70 by three simultaneous steps. First, the coordinate system is
translated on the z-axis by 533.4 (mm) to move the camera position to the original point
(0;0;0), which is standard methodology [93]. Secondly, the image plane is translated on the
z-axis with a new distance of 533.4 x actual_image_size/118 so that the fluoroscopy image
IS now representative of its actual size in the data collection room. After those two steps,
the camera matrix P becomes a new value P; which is computed by Direct Linear

Transformation (DLT) method [94]. Thirdly, the coordinate system is rotated around the
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Figure 69. Camera setup in the data collection system (Karbs).
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Figure 70. Translated camera setup in the data preparation for training of the deep learning model.
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original point to make the camera viewpoint toward the positive direction [21]. To prevent
the complexity of computing, the fluoroscopic image is flipped in the second step to change
the axis direction.

This approach allows for not only the opportunity to use the original fluoroscopic
images for algorithm development purposes but also analyze the kinematics with the
original fluoroscopic images or video reference frames. During the above changes, the
corresponding 3D implant model with the fluoroscopic image will be fixed to maintain its
transformation. At this point, both the fluoroscopic images and the camera parameters have
been corrected and standardized and are ready to be used in the next machine learning
method. Based on the above changes of the camera position, while the old camera matrix

is decomposed as P; = K, [R; | — R,C,], here

a, 0 O
Ks=10 a O],
0 0 1

100
R,=10 1 o,
0

0

-l

The new intrinsic parameter matrix PB,,,, is computed as follows.
Prew = KnewlR1 | — Rlél]’

where K., is computed as
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ximage
2

Knew = 0 yimage
Y 2
l 0 o0 1 J

Where Ximage aNd Yimqge are the image’s length and width. With this approach, the camera

~

matrix is customized to image sizes and maintains the original correct images for analysis.
By using this camera calibration matrix, the next section shows the approach to create the

training data for the deep learning model using the voxelization projection.

7.2.2 Deep Learning Model: Training with Fluoroscopic Images Data

With the above environment setup, the machine learning transformation data is
standardized and collected for 6835 TKA femur subjects. The distributions of those
transformations of tx and ty show that most of the translations of the x and y are around
(0,0), called in-plane difference, because the TKA object appears within the fluoroscopic
image. However, the range of z translations is broad due to the depth of the TKA object,
called out-plane difference. Similarly, the distributions of the rotations show that most of
the rotations of x and y are around (0,0), while the rotation of z is like linear. This makes
sense because most of the TKA femur fluoroscopic data is the medial-lateral (ML) images
[27, 95]. The transformations obtained from the previously conducted manual registration
are considered as the ground truths for this dissertation. The entire database is then divided
into two subsets of 80% for training purposes and 20% for testing purposes.

Using 80% of the transformation for the training dataset, we generated the training
data in the Linemod format [87]. Because the known transformations, fluoroscopic images,
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and the CAD models are already available within the database, the remaining necessary
data is the segmented image masks. As discussed in Chapter V, those segmented images
are usually generated by using machine learning [96, 12] or images processing tools such
as thresholding [34], edge-based segmentation, region-based segmentation [33]. In this
research, we incorporated deep learning and the voxelization method [48]. Using this
methodology, the resultant segmented images, called mask images, provide the final
necessary data for model training.

A deep learning neural network (DNN) model is used for classifying and registering
both the femur and tibia [87], as outlined in Figure 71. This DNN takes both fluoroscopic
images and TKA CAD maodels as inputs and then outputs the predicted TKA poses. This
DNN is trained by supervised registrations between the fluoroscopic images and the TKA
CAD models. After training, the DNN can be used for automatically and quickly predicting
the poses of new TKA CAD models for future subjects.

The original fluoroscopic images are used as inputs to train a deep neural network
model based on the open-source EfficientPose [87], which is an extension of the
EfficientDet model [97]. The model predicts the class (femur or tibia), 2D bounding box,
and transformation (rotation and translation) of the corresponding CAD model from the
direct fluoroscopic images. Training employs the backpropagation method, accelerated by
GPU acceleration multiplication, on a Dell XPS 17 9700 equipped with 16 Gb RAM and
NVIDIA GeForce GTX 1650 Ti GPU. The training process takes approximately 5 days to

complete with a batch size of 2 over 500 epochs.
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Figure 71. Training step for deep learning neural network structures with fluoroscopic data.
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7.2.3 Deep Learning Model: Training without Fluoroscopic Images Data

In certain cases, the training approach mentioned above may not be feasible if the
dataset is unavailable. For instance, the introduction of an entirely novel implant model
which has never been analyzed before could cause errors in the learning model, and the
training data may not cover the entire transformation domain, which can result in output
prediction bias. As a result, an alternative deep learning approach without training data is
proposed, as illustrated in Figure 72. The only difference between the two approaches is
the image input. The fluoroscopic data approach uses the fluoroscopic image as input for
the DNN, while the mask image approach employs the mask image as input for the DNN.
The two approaches have similar structures, which are based on the EfficientPose model
[87].

The segmented images are utilized to train a deep neural network model based on
the open-source EfficientPose [87], a derivative of the EfficientDet model [97]. The model
predicts the class (femur or tibia), 2D bounding box, and transformation (rotation and
translation) of the corresponding CAD model from the segmented images. Training
employs the backpropagation method, accelerated by GPU acceleration multiplication, on
a Dell XPS 17 9700 equipped with 16 Gb RAM and NVIDIA GeForce GTX 1650 Ti GPU.
The training process consists of 500 epochs with a batch size of 2. The training time of this
approach is significantly increased due to the larger dataset in comparison to the previous
section. This is primarily attributed to the quantization of the transformation domain of 6

degrees of freedom (DoFs), which encompasses translation and rotation.
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Figure 72. Training step for deep learning neural network structures without the fluoroscopic data.
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7.2.4 Tuning Optimization: Edge-based Registration

The DNN's outputs may not always be optimal due to the diversity in implant
models and sizes, as well as low-quality fluoroscopic images in the training data. To
improve the results, the DNN's outputs are then used as initial poses that are, then refined
using a tuning optimization method in the framework outlined in Figure 73. While the
intensity-based registration method has high accuracy with fluoroscopic data [17], it is slow
to converge due to numerous local minimums. In contrast, the edge-based registration
method converges faster. To find the best solution within an appropriate running time, the
optimal approach is to combine the advantages of both methods, as illustrated in Figure 73.
The edge-based approach takes in two inputs: the mask image and the 3D model, which
are the outputs of the preceding chapters. The objective of the optimization process is to
find a six Degree-of-Freedom (DoF) transformation that aligns the projection of the 3D
model onto the 2D image with the object silhouette in the mask image. The optimization
problem involves six variables, including three translations and three rotations, with the
constraint being the initial pose obtained from the deep learning results discussed earlier,
whereas the objective function is derived as follows.

I(x) =ciR+c;(1-R)Q + c3(1-Q),
The variables R and Q represent the boundaries of the 3D model projected onto the 2D
image and the dilated edges of the segmented fluoroscopic image, respectively. Thus, the

optimization problem will be written as follows.
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min,I(x)
subject to
Xg—ESx<Xxpt+¢

Here, x, denotes the initial position, while & represents the search range.

7.2.5 Tuning Optimization: Intensity-based Registration

Upon obtaining the result using the edge-based registration approach, the
registration outcome will be in close proximity to the global point. However, to further
enhance the result, it is finally passed through an intensity-based registration method. The
optimization problem used in this approach is similar to that of the edge-based approach,
but the objective function differs. The objective function of the intensity-based method is
a combination of normalized mutual information and gradient differences [98, 99], as
shown below.

I(x) = MI + GD

Where Mutual-Information (MI) and Gradient-Difference (GD) are represented as follows.

p(xy)
M"Z”(" RO

Op
D = Zav + (D (1, )))? z on + (D (i, )))?

oy (i) Alp(i))

Dy(ij) = —5r— = —0p;
.. olx(i,)) oIy (i,))
Dy(i,j) = Xaj — Sh Daj
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Here, ov and on were the variances of the vertical and horizontal gradient images of
fluoroscopic images, respectively.

7.3 Results

7.3.1 Comparison with the Ground Truths

Figure 74 displays the registration results of the femur or tibia, represented by a 3D
box surrounding the object, for both a clear and a blurry fluoroscopic image. The 3D yellow
boxes illustrate the registration results achieved through the proposed methodology, which
successfully automatically registered 3D TKA CAD models to 2D fluoroscopic images.
Several examples with different flexions are depicted in Figure 75. The green boxes
represent the ground truth achieved through manual registration, while the blue boxes are
the predicted poses generated by machine learning, which are in close agreement with the
manual overlaying based on visual inspection.

By applying optimization techniques, Figure 76 demonstrates a substantial
improvement in the registration results. Although deep learning produced a registration
result that closely resembled the fluoroscopic image silhouette, optimization resulted in a
pose of the implanted femur that matches the silhouette more accurately. The entire
registration progress of the proposed methodology is shown in Figure 77, with the
component position after the ML phase shown in blue bound projection and the final
component position after optimization shown in red. When compared to the known final
position obtained via manual registration (shown in green), the algorithm’s predicted pose

is clearly good but still has room for improvement. These values need to be improved by
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Figure 74. Registration results represented by the 3D box for a clear image (left) and blurry image

(right).

Figure 75. Registration results of a fluoroscopic sequence using machine learning.
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Deep Learning Optimization

Figure 76 Registration results with deep learning (left) and then applied optimization (right).
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enhancing the algorithm further, but nonetheless they show the potential of the proposed
methodology.

Quantitatively, after the first phase, the average rotation error of the DNN’s outputs
is around 5.7 degrees, as seen in Table 4. Additionally, the average translation errors of the
DNN’s outputs in-plane and out-of-plane are 4 and 10 mm, respectively. After the tuning
optimization step, the RMS errors of the translation and rotation between the predicted
pose and the ground truth are lowered to 0.23 mm of in-plane difference, 0.98 mm of out-
of-plane difference, and 0.90 degrees of rotation difference compared to the manual
registration method as seen in Table 4. Among the three steps outlined in the proposed
methods, Phase 2a, despite being slightly less accurate compared to Phase 2b, has the
advantage of being completed within just 1 minute. Therefore, it is possible that Phase 2a
alone could be sufficient. In practical situations, particularly when time constraints are a

factor, Phase 2b may not be necessary.

7.3.2 Comparison with other Methods

In comparison with the results from a previous study as seen in Table 5, our
proposed methodology is very competitive and fall within the same range of errors, with
manual registration errors previously established as 0.65 mm of in-plane difference, 4.7
mm of out-of-plane difference, and 1.47 degrees of rotation difference [80]. Previously,
Jensen et al. [89] developed a highly accurate machine learning algorithm that follows a
similar framework to automatically produce segmented images from fluoroscopy images.

While the methodologies may be similar, the previous research does not extend into the
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Table 4. The average errors of the registration comparisons with the ground truths.

Unit (mm) Method Search Time In-plane Out- Rotation
range (min) Xy error planez | error (°)
(mm) (mm) error
(mm)
Phase 1: Deep Automatic | £1,000 mm | Real-time 5mm 10.35 5.71°
learning mm
Phase 2a: Edge-based | Automatic +200 mm 1 min 0.33mm | 4.47 mm 1.56°
Optimization
Phase 2b: Intensity- Automatic +50 mm 45 mins 0.23mm | 0.98 mm 0.90°

based Optimization
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Table 5. The average errors of the benchmarks for the registration.

Unit (mm) Method Search Time In-plane Out- Rotation
range (min) Xy error planez | error (°)
(mm) (mm) error
(mm)
Benchmark 1 (Banks, Manual +250 mm _ 0.50 mm 6.6 mm 1.10°
1996)
Benchmark 2 Manual _ _ 0.65mm | 3.21 mm 1.50°
(Mahfouz, 2003)
Benchmark 3 (Fregly, Automatic +50 mm (long) 0.42mm | 5.60 mm 1.30°
2005)
Benchmark 4 (Tsai, Automatic +100 mm 5 mins 0.72mm | 4.61 mm 1.21°
2010)
Benchmark 5 (Flood, Automatic +55 mm 1 min 0.40 mm | 1.40 mm 0.13°
2018)
Benchmark 6 Automatic +305 mm 3 mins 589 mm | 5.89mm 1.35°
(Postolka, 2020)
Benchmark 7 Automatic | £1,000 mm - 0.68mm | 1.75mm 1.61°

(Jensen, 2022)
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realm of manipulating CAD models in 3D space to generate precise condylar motion
patterns. Our algorithm extends these applications further to provide the users with even
more information, such as medial and lateral condylar rollback patterns, condylar liftoff
patterns, etc., which can be used to provide valuable information regarding the behavior
and functioning of the knee joint.

7.4 Discussion

In this study, we proposed a novel machine learning framework to register three-
dimensional computer-aided design (CAD) implant models automatically and accurately
onto two-dimensional X-ray or fluoroscopic images. This novel methodology can be used
to overcome common 3D-to-2D registration limitations of manual overlaying and can be
easily implemented with regular computer performance. The computational results show
the competitive accuracy of the proposed methodology with the previous studies.

One of the major challenges of using deep learning in 3D-to-2D registration is that
it typically requires a large amount of data to train the model effectively. The reason for
this is that deep learning models have many parameters and require a significant amount
of data to learn these parameters accurately. However, in many real-world applications,
collecting a large dataset can be difficult or expensive. This can lead to overfitting, where
the model memorizes the training data rather than learning to generalize to new data. To
overcome this challenge, the proposed approach has incorporated additional techniques
such as optimization and data augmentation, which can help to improve the performance

of deep learning models even when only a small amount of data is available.
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However, the above errors of the algorithm still occasionally need human revision
in the end. The algorithm performs worse in some cases, for example when implant
components overlap each other or are out of the fluoroscopic image. Another drawback of
this methodology is the requirement of a massive training data, so future studies of other
joints or component designs may be limited without extensive manual data for training.
Regarding speed, the algorithm is developed on a Desktop with 16 Gb RAM and GPU
GTX 1650, so this algorithm can be used on the regular computer performance. The
training time for 200 epochs is around 2 days, but time for predicting the poses of 6,589
images based on the proposed methodology was recorded as 813 seconds, meaning the
average speed of the algorithm is 8 images/second, which is interestingly the same
framerate as traditional, commercial fluoroscopic units.

In terms of clinical applications, it is clear that this study could be very meaningful
for post-operative evaluation of TKA kinematics. These algorithms could allow us to
quickly and automatically analyze large data already contained within hospital or clinic
databases, and it also provides us with benchmark directions for making 3D-to-2D
registration evaluation methods available to clinicians around the world, without the need
for additional manual labor. Furthermore, with the development of the AR/VR trend in
orthopedics [100], these machine learning algorithms can also be implemented to yield
more realistic and accurate poses of objects in the simulated environment, which can be

beneficial for both orthopedics training purposes and doing surgeries with higher accuracy.
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In the end, our aim is to show the potential ability to use machine learning for
automatically determining in vivo TKA kinematics and how the proposed algorithm can
be used to reduce workload and increase efficiency. Even though there will always be room
for improvement within the algorithms, the speed and accuracy of the algorithms show
potential uses in expanding access to these analysis tools as well as determining TKA
kinematics in real time, perhaps in the operating room or in a clinical setting. Our algorithm
also demonstrates great extended applications in biomedical engineering, as it can also be

used on other joints and even non-implanted joints.
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Chapter VIII

Implanted Knee Kinematics Analysis

Following the technical chapters, this section aims to shift the focus towards
applying the proposed framework to analyze the kinematics of implanted knees.

8.1 Introduction

The implanted knee kinematics refer to the study of the movement and function of
the knee joint after knee replacement surgery. Studying the movement and function of the
knee joint after knee replacement surgery, known as implanted knee kinematics, is crucial
for assessing the success of the surgery and identifying any potential issues [101, 27]. This
information is used by orthopedic surgeons to ensure long-term success and function of
knee replacement surgeries, as well as to improve future implant generations. Chapter V,
Chapter VI, and Chapter VII have focused on important techniques such as 2D image
segmentation, 3D reconstruction, and 3D-to-2D registration. Building on these techniques,
this chapter aims to apply the proposed framework to analyze the kinematics of implanted
knees.

The first step of the proposed framework involves reconstructing the 3D implant
models (femur and tibia) using the morphing algorithm, if they are not already available.
Next, the machine learning algorithms register these 3D models onto a series of
fluoroscopic images. The registration transformations are then optimized using a
combination of the 2D image registration machine learning technique and the tuning

registration optimization process. The output of this step is the motion of both the femur

140



and tibia in 3D space, which is used to compute the relative movements of the femur with
the tibia. This information provides us with kinematics information about various
parameters of interest such as femorotibial (LAP, MAP, LSI, MSI), and axial rotation
(AXR), as seen in Figure 78. Those parameters have been used successfully for evaluating
the TKA kinematics outputs for around 30 years. The results of this analysis are detailed
in the following sections.

8.2 Kinematics Model

After the above 3D-to-2D registration steps, the motions or transformation of both
femur and tibia are obtained in global space. Since the polyethylene was attached to the
tibia, the polyethylene’s transformation is assigned to the same with the tibia’s
transformation. To output the kinematics, all models are transformed into the tibia’s space
so that the related motion between the femur and tibia is obtained. From the motion of the
femur, the kinematics parameters included are computed to help the surgeons and engineers
to evaluate the femoral component motion relative to the tibial component, in the tibial
reference frame, as seen in Figure 79.

In order to evaluate the kinematics of a patient's movement, a fluoroscopic video
capturing the movement is composed of multiple frames. To analyze the kinematics of the
patient's movement, the analysis is performed on each individual frame of the video. Using
the aforementioned methodology, the transformation of both femur and tibia is computed
for each frame. Subsequently, the kinematics of the patient's frame are computed using the

following steps.
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Obtain the transformations of both the femur and tibia in 3D space using
the proposed framework.

Calculate the relative motion of the femur with respect to the tibia.

Use the relative motion to compute the kinematic parameters of interest,
including LAP, MAP, LSI, MSI, and axial rotation.

. To calculate LAP and MAP, the relative motion of the femur with respect
to the tibia in the anterior-posterior direction is measured. Positive values
of LAP indicate lateral displacement of the femur, while negative values
indicate medial displacement. Similarly, positive values of MAP indicate
anterior displacement of the femur, while negative values indicate posterior
displacement.

. To calculate LSI and MSI, the relative motion of the femur with respect to
the tibia in the medial-lateral direction is measured. Positive values of LSI
indicate lateral displacement of the femur, while negative values indicate
medial displacement. Similarly, positive values of MSI indicate medial
displacement of the femur, while negative values indicate lateral
displacement.

. To calculate axial rotation, the rotation of the femur with respect to the tibia
is measured. Positive values indicate external rotation of the femur, while

negative values indicate internal rotation.
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7. Finally, the computed values for each kinematic parameter can be used to
assess the success of the knee replacement surgery and identify any issues
that may require further treatment.

8.3 Results of Knee Kinematics Analysis

The ultimate goal of this dissertation is for a subject to perform a specific activity
and the algorithm derives the kinematics for an implanted knee. The analysis focuses on
specific parameters such as AXR (Axial Rotation), LAP (Lateral Anterior/Posterior
Position), MAP (Medial Anterior/Posterior Position), LSI (Lateral Superior/Interior
Position), and MSI (Medial Superior/Interior Position), which are critical in describing the
position and movement of the implant components with respect to the patient's anatomy.
The simulation results of the kinematics of one representative patient are shown in Figure
80.

Three different approaches were used in this study, and their results were presented
in Figure 81. Each figure corresponded to a different set of parameters, including LAP,
MAP, LSI, MSI, and AXR. The green line represents the ground truth, which is the known
CAD model from the designing company and manual registration. The red line represents
the known CAD model with the proposed automated 3D-2D registration method by
machine learning. Finally, the blue line represents the fully automated approach with the
3D reconstructed model and automated 3D-2D registration. After comparing the results
presented Figure 81, it was determined that both automated approaches performed well

compared to the the known CAD & manual overlay ground truth. The maximum error for
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Figure 80. Femorotibial contact (top) and axial rotation (bottom).
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all approaches were less than 1.5 mm for all translation parameters and 1.2 degrees for
rotation measurements, with average errors of 0.53 mm for translation and 0.88 degrees for
rotation. The known CAD & automated overlay approach exhibited the best performance
between the two automated approaches. This is likely due to the errors from the morphed
model reconstruction compounding with the errors from the automated overlay algorithms.

8.4 Discussion

The analysis of knee kinematics plays a vital role in evaluating knee replacement
surgeries. It allows for the assessment of the movement and performance of the knee joint
following the insertion of artificial components, ensuring the effectiveness and long-term
functionality of the joint. The aforementioned kinematics modeling method proves to be
robust and efficient in evaluating the motion of the femur and tibia within the implanted
knee during flexion. This modeling approach offers a comprehensive and precise
understanding of the joint's position and dynamics during dynamic activities, which is
particularly valuable for evaluating knee implants designed for complex knee pathologies
or active individuals. The analysis of knee kinematics not only aids in assessing the
outcomes of knee replacement surgeries but also contributes to the development of
enhanced surgical techniques and implant components. By examining knee kinematics,
orthopedic surgeons can identify areas for enhancement and create new implant designs
that more closely replicate the natural movement and functionality of the knee joint.

The simulation results showcased the high accuracy of the new model, particularly

in relation to clinically significant outcomes like knee kinematics. Consequently, these
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algorithms have the potential to facilitate swift and automated analysis of extensive data
stored within hospital or clinic databases. They also serve as a valuable reference for
implementing 3D-to-2D registration evaluation methods globally, benefiting clinicians and
research groups without requiring additional manual effort. Moreover, these evaluations
can be conducted rapidly, examining all images within a fluoroscopic video sequence, even
without 3D CAD models. This breakthrough opens the door to determining in vivo implant
kinematics for any patient, regardless of location or time.

In summary, the primary objective of this study was to showcase the potential of
machine learning in automatically determining in vivo total knee arthroplasty (TKA)
kinematics and how the proposed algorithm could enhance efficiency and reduce workload.
While there is always room for algorithm improvement, the speed and accuracy
demonstrated in this study highlight the potential for widespread utilization of these
analysis tools, enabling real-time determination of TKA kinematics, such as in the
operating room or clinical settings. Furthermore, this novel algorithm exhibits versatility
in its applicability to other biomedical engineering domains, including analysis of joints
beyond knee implants and even non-implanted joints. Unlike previous fluoroscopic studies
that relied on sponsorships for funding and access to CAD models, this algorithm enables
analysis of kinematics for any patient, anywhere, at any time, and is capable of handling

larger cohorts by analyzing complete fluoroscopic sequences.
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Chapter IX

Conclusions and Future Work

9.1 Conclusions

The aim of this research was to present a fresh technique for examining in vivo 3D
kinematics using an automated method and to perform evaluations to verify its precision
and efficiency in contrast to the manual methods utilized in the past. While the manual
studies are expensive and are very time-consuming, often requiring months to complete,
the proposed machine learning algorithm may prove to overcome previous hurdles by
increasing the speed, reduce human error, and improve upon technical barriers to
successfully derive kinematics even when 3D CAD were not available.

Historically, there have been many attempts at automating various aspects of
medical imaging and biomechanics analyses. Many “non-learning” algorithms were used
to try to solve automated 3D-to-2D registration problems, such as edge-based optimization,
intensity-based optimization, feature-based optimization, etc. Intensity-based registration
alone has been used for registering both spine models [82] and femur/tibia models [17].
Also, a brain model is registered by using the intensity-based algorithm, but this approach
requires a CT scan of the human brain [83]. 3D-to-2D registration of non-implanted femurs
was achieved using edge-based registration [84], and 3D-to-2D registration of TKA femur
components was previously completed using edge-based registration via Lipschitzian
optimization techniques [85]. However, these previous methods typically displayed

moderate accuracy and unstable results, and to the author’s knowledge, no group has
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developed a robust algorithm nor extended these applications further to yield more direct
clinical comparisons to practical kinematic fluoroscopic analyses.

There are many examples of using deep learning (DL), a popular branch of machine
learning (ML), for registering the 3D models within a specified space, with very high
performance [86, 26, 87]. A non-implanted hip model was registered onto biplanar X-ray
images using DL, but this approach requires the CT scan of the hip bone model [88]. The
segmented images of the implanted femur and tibia are processed from the fluoroscopic
image by using two convolutional neural networks, and then they are used for estimating
the initial pose by Fourier descriptor-based estimation [89]. Previously, a similar
framework [89] developed a highly accurate machine learning algorithm produce
automatically segmented images from fluoroscopy images. While these methodologies
may be similar, the previous research does not extend into the realm of manipulating CAD
models in 3D space to generate precise condylar motion patterns. The proposed algorithm
in this present study extends upon these applications further by providing users with even
more clinically-relevant information.

The entire flow of the framework as seen in Figure 82, from automated image
segmentation to the generation of clinically applicable results, can be used to overcome
common 3D-to-2D registration limitations of manual overlaying and can be easily
implemented by non-technical users. While our computational results reveal highly
competitive accuracy, one of the major challenges of using deep learning in 3D-to-2D

registration is that it typically requires a large amount of data to train the model effectively.
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Step 1: Data Collection

W

Step 2: Image Segmentation

N

"

Step 3: 3D Reconstruction

Step 5: Kinematics analysis

Figure 82. The summarization of the entire framework of 5 main steps of the dissertation: (i) data
collection, (ii) image segmentation, (iii) 3D reconstruction, (iv) 3D-to-2D registration, and (v) kinematics
modelling.

151



Overall, this is simply a difficult problem to solve. To compound this challenge
even further, specific training sets may not always be optimal due to the diversity in implant
models and sizes. For example, a model can be trained on specifically femoral component,
but then it may have difficulty distinguishing between PS and CR implants. Conversely,
an algorithm can be trained on a multitude of different models, perhaps a different one for
each different implant make/model, of all different sizes, from each different company, but
that would be unfeasible and would yield small training datasets. This can also lead to
overfitting, where the model memorizes the training data rather than learning to generalize
to new data. To overcome this challenge, it has been demonstrated with this new approach
that an optimized number of training models based on the sides (left or right) and the major
implant types (PS or CR) can be utilized, while incorporating additional techniques such
as optimization and data augmentation to help further improve the performance of our
models.

The results from this study demonstrated that this new model is highly accurate
with respect to clinically relevant results such as knee kinematics. Thus, the algorithms
could allow a user to quickly and automatically analyze large data already contained within
hospital or clinic databases, and it also provides us with benchmark directions for making
3D-to-2D registration evaluation methods available to clinicians and research groups
around the world, without the need for additional manual labor. In addition, these
evaluations can be done extremely quickly, analyzing all images within a fluoroscopic

video sequence, even if 3D CAD models were not available. Essentially, it can now become
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possible to determine in vivo implant kinematics for any patient, anywhere, at any time.
While the intensity-based method proposed herein is time-consuming, the ML and edge-
based methods finish within seconds and still maintains competitive accuracy, potentially
allowing for real-time feedback and data that can be shown to patients in the clinic
immediately after the procedure. Therefore, making this model and subsequent resources
available to clinicians, engineers, and researchers alike, it is believed that these methods
can help the orthopaedic community immediately evaluate kinematic patterns and
potentially identify previously unknown complications (such as instability or ligament
imbalancing) much more quickly that previously possible. This approach can also be
readily adapted for use in the analysis of kinematics in other joints.

As in all studies, there are still several limitations in the proposed framework. While
deep learning has demonstrated promising results in image segmentation, there are still
several limitations to its application. One major challenge is the requirement for large
amounts of labeled data to train the model, which can be both time-consuming and
expensive, as the currently trained model may not be as accurate with other datasets.
Another limitation is that various fluoroscopy units have different properties and camera
calibration requirements. Additionally, it should be noted that image quality is a significant
factor that can impact the accuracy of results. When training algorithms use controlled,
high-quality static data for training, the accuracy may be compromised on older
fluoroscopy units during dynamic activities, which may possess slower framerates and

exhibit more pronounced image ghosting. Conversely, training models on data obtained
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from older units that exhibit fish-eye warping effects may pose challenges for higher
quality images obtained from flat panel units or those that present variations in the apparent
size of knees on the screen.

In summary, one of the main aims was to demonstrate the potential ability for using
machine learning to automatically determine in vivo TKA kinematics and how the
proposed algorithm can be used to reduce workload and increase efficiency. Even though
there will always be room for improvement within the algorithms, the speed and accuracy
of the algorithms in this study revealed potential uses in expanding access to these analysis
tools as well as determining TKA kinematics in real time, perhaps in the operating room
or in a clinical setting. This new algorithm also demonstrated an extension to other
applications in biomedical engineering, as it can also be used on other joints and even non-
implanted joints. Although previous fluoroscopic studies were limited to securing
sponsorships for funding and subsequently receiving CAD from the sponsors, this new
algorithm allows for analysis of any patient, anywhere, at any time, and can analyze the
full fluoroscopic sequence for much larger numbers of subjects.

9.2 Assumptions

There are several assumptions of the current work:
1. The manual registrations are considered as the ground truth for the training data for
both the image segmentation and the image registration deep neural network

models.
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2. The CAD models from the company are considered as the ground truth for the 3D
reconstruction problem in this dissertation.

9.3 Limitations and Future Work

While the dissertation demonstrates impressive results, it is important to
acknowledge the presence of certain limitations within the current work. However, to
address these limitations, future efforts will be concentrated on implementing necessary
improvements.

1. Computational power is limited with the regular desktop and laptop performance
(2 laptops: Core i7-10750H, CPU@2.6GHz, GeForce GTX 1650 Ti; 1 desktop:
Core 19-12900KF, CPU@3.2Ghz, GeForce RTX 3080). The results can be
improved by using a higher computer configuration with more running time.

2. Machine learning algorithms can become too complex and fit the training data too
well, resulting in poor generalization of new data.

3. Deep neural networks are black boxes, making it challenging to interpret how they
arrive at their predictions. This lack of interpretability can be a significant limitation
in applications where human understanding is necessary.

4. Deep learning algorithms require domain expertise to design, train, and evaluate
them effectively. Thus, the current model parameters for deep learning might not
be optimized and need to test more to find the best model.

5. Deep learning algorithms can inherit biases from the data they are trained on,

leading to unfair or discriminatory predictions. Thus, the deep learning model might
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need to be updated for the new implant knee models that were not available in the
current dataset.

Despite the notable achievements of machine learning in registration and
segmentation, there are still instances where low-quality fluoroscopic images pose
challenges and lead to suboptimal performance.

. The algorithm's performance may not be optimal when applied to new implant
types that significantly differ from the currently existing femur and tibia.

. The training and running time of the algorithm may be hampered by limitations in
computer power, resulting in slower performance.

. The current number of testing cases is limited, and further testing is necessary to

obtain a comprehensive and conclusive result.
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Appendices

. Extended Applications to THA and Patella

Figure 83 presents the cup and stem segmentation outcomes from the THA dataset,
utilizing the same deep learning methodologies employed for TKA. Correspondingly,
Figure 84 showcases the registration results of the THA implants based on the
segmentation outcomes. Furthermore, Figure 85 displays the segmentation and registration
results of the non-implanted knee's patella. These simulation results exemplify the potential
application of the proposed algorithm to various components in the body, such as bones or
implants.

1. Software User Interfaces

In this dissertation, the training procedures for all deep learning simulations are
executed within the Anaconda environment, utilizing Python commands. The user
interface is developed using Matlab's GUIDE and functions are executed through Matlab
and Python. The software user interface is seamlessly integrated into Karbs, the established
software employed in the CMR lab, as shown in Figure 86. However, in Figure 87, the
template 3D model is superimposed but does not align accurately with the fluoroscopic
image due to sizing inaccuracies. The 3D reconstruction windows are depicted in Figure

88 to resconstruct the designing 3D implant model.
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Figure 83. Segmentation results for the cup (left) and stem (right) of THA.
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Figure 84. Registration results of the implants for THA.
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Figure 85. Segmentation and registration of the patella at the non-implanted knee.
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Figure 86. User interface of Karbs.
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Figure 87. User interface for the registration in Karbs.

[ MorphingControls

| zoffset

X

K OverlayControls - o
Settings =—
- s E!(d Apply
Keyboara Trens(mm) ot(deq) >
Sensitivity - 0:1 01
Rotational Axis
Global v
Models
QOtiide Oshiny @Fiast [ Edge
Color _Femur_Standard_3_Ltiv v
Transoarency Copy.
m : = H
Transformations
X Y z

Trans | -26.8000  17.4000 254
< >

Image
[l tide Hodels <[

Bigtness
@ original Ove OBw OEdge O Hyorid

YL

Overlay-
AutoFit

Set Camera Finalize

Modify/Save:

Guidance

Please complete overlaying 2 bounds
next

Initial Bound

Wodel Pracessing

Target Bound

Image Processing

) Bound 1 ired

D) Beuna 2 e

Gotrol Console

up Scale Up

oown Scale Down

Run Optimization

Figure 88. User interface for the 3D reconstruction tool.

178




Vita

Viet Dung Nguyen (Viet-Dung Nguyen) was born in Bac Ninh, Vietnam. As a
child, he demonstrated his mechanical interests by disassembling and repairing his toys.
During his study time at the school and university, he achieved a lot of olympiad awards
in mathematics, mechanics, and informatics at the national level. In an academic journey,
he obtained his bachelor's degree in the honors program in the Mechanical department at
Hanoi University of Science and Technology in 2017. Following that, he gained valuable
industry experience as a full-time research engineer for a year and a half, during which he
secured a national patent and published a peer-reviewed journal article. Building on his
success, he pursued his passion for learning and enrolled in graduate school at the
University of Kansas, where he obtained his Master's degree from the Electrical
Engineering and Computer Science department in 2020. Continuing his pursuit of
knowledge, he completed his Doctor of Philosophy degree in Biomedical Engineering at
the University of Tennessee at Knoxville in 2023.

A decade ago, during his sophomore years at Hanoi University of Science and
Technology where he pursued mechanical engineering, Viet-Dung exhibited a keen interest
in machine learning and its potential applications in the mechanical field. His Master's
program at the University of Kansas provided him with a strong foundation in non-convex
optimization and machine learning techniques. Pursuing his PhD at the CMR lab at the
University of Tennessee equipped him with the necessary expertise to author a dissertation

on the uses of machine learning and computer vision in biomechanics, thereby fulfilling

179



his long-held ambition. This accomplishment was made possible by the valuable
mentorship of his advisors, the wealth of data and advanced equipment available in the
research laboratory, the unwavering support of his family and friends, and his own tireless
efforts. Undoubtedly, this dissertation marks a promising beginning towards the realization

of his aspirations.

180



