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Abstract

The role of Medical Compression stockings (MCS) is to meet explicit medi-
cal requirements while also responding to the implicit expectations of pa-
tients. To contribute to compression therapy, a combination of knowledge
about the functions of MCSs must be considered, including therapeutic im-
peratives, patient involvement in the treatment, and a meticulous process of
reflection, design, and product optimization. This thesis is part of an I-Demo
project (SYMPHONIES project), which aims to digitize the entire process of
creating MCSs concerning the therapeutic effects, which could be evaluated
by simulating the venous system from the digital twin of the leg. This digiti-
zation requires, first and foremost, knowing the morphology of the patient’s
leg, its size, and the spatial distribution of pressure provided by the MCS that
will surround the leg. A digital MCS creation process must then be set up,

which requires three representation models:

* Leg model, defined through the development of adaptive leg morpho-
types;

¢ Ease model, integrating comfort and fit by controlling product ease on
the leg model;

* MCS model, a 3D surface used to design the product, providing an ini-
tial pressure distribution via material-specific post-treatment, and sup-
porting the mechanical model of MCS (linked to a second thesis in this

project).
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As of today, the legs are not classified in sizes according to their “typical mor-
phology specifications’; they are only referred to as theoretical conical shapes
(with specifications on ankle, calf, and thigh circumferences as well as floor
to knee height and floor to crotch height). There is therefore a difference be-
tween the theoretical modeling of a lower limb and the real anatomical shape
of the leg, where each cross-section has its specific shape corresponding to the
physiognomy of each individual. It is necessary to analyze the morphology
of the leg in a large population of individuals to improve the knowledge of
the shape/dimensions of patients. Thereby, this study starts with the classi-
fication of the 3D shapes of the leg. The objective of this work is to define
an exhaustive methodology to obtain morphological classes characterizing
the 3D shapes of the leg and to extract the most significant morphotypes for
each class. A database has been filled by the 3D shapes of the scanned legs
of the population under consideration. An unsupervised classification tech-
nique was employed to conduct a global geometric analysis of the 3D shape
of the leg, clustering the population into morphological groups. To enhance
the quality of the data partitioning, an anomaly detection model was em-
ployed to identify and remove outliers and anomalous subjects. At the end
of the classification, the leg morphotypes of each morphological class were
extracted from the database to obtain a realistic representation of the shape
of the leg. A recommendation system, along with a corresponding sizing
system, has been proposed, and it serves as the base for the parametriza-
tion of the adaptive morphotypes. These morphotypes have been developed
taking into account volumetric and height changes of the new subject, fol-
lowing the size recommendation. These adaptive leg morphotypes will be
the morphological and dimensional interface between the digital twin (the-
sis 3 associated with this project) and the MCS. Although the complete digital

creation process of the MCS relies on three interconnected models (leg, ease,



and MCS), this thesis focuses on the development of the leg model and its
adaptive morphotypes. It also introduces a morphology-specific leg sizing
system and an associated recommendation tool. The ease model, designed to
integrate notions of comfort, fit, and mechanical properties, remains an open
challenge to be addressed in the continuation of the SYMPHONIES project.
This work thus establishes a critical foundation for future integration of the
digital MCS, enabling an optimized design process for therapeutic compres-

sion.

Keywords: Unsupervised classification, Normalization, and 3D shape descrip-

tor, Human morphology, Size system, Anthropometry, Parametric model
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Résumeé

(French)

Le role des Bas Médicaux de Compression (BMC) est de répondre a des
exigences médicales explicites et d’autre part aux attentes implicites des pa-
tient(e)s. Pour contribuer au traitement par la compression, chaque fonction
que procurent les BMC résulte a la fois de la connaissance des impératifs
thérapeutiques, de 1'implication des patient(e)s dans le traitement et d'un
processus méticuleux de réflexion, de conception et d’optimisation des pro-
duits. Cette thése entre dans le cadre d"un projet I-Démo (projet Symphonies)
qui a pour objectif la numérisation de I'ensemble du processus de création
des BMC en relation avec les effets thérapeutiques qui peuvent étre évalués
par la simulation du systéme veineux a 1'aide du jumeau numérique de la
jambe. Cette numérisation nécessite en priorité de connaitre la morphologie
de la jambe du patient et son dimensionnement, de connaitre la répartition
spatiale de pression apportée par le BMC qui entourera la jambe. Un proces-
sus numérique de création de BMC doit alors étre mis en place qui requiert

trois modeles de représentation disposés en cascade:

* Le modele de la jambe qui se concrétise par le développement de mor-
photypes adaptatifs;
* Le modele d’aisance qui peut intégrer les notions de confort et de bien

aller en contrdlant l'aisance du produit sur le modeéle de la jambe;
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* le modele de BMC représenté par une surface 3D nécessaire au développe-

ment du produit, a I’'obtention d’une premiere représentation de la ré-
partition de pressions par un post-traitement spécifique en lien avec
la matiere, au développement du modéle mécanique du BMC (thése 2

associée a ce projet).

A ce jour, les jambes ne sont pas classées en tailles selon leurs spéci-
fications morphologiques; elles sont uniquement assimilées a des formes
coniques théoriques (avec des spécifications sur les circonférences de la cheville,
du mollet et de la cuisse, ainsi que sur la hauteur du sol au genou et la hau-
teur du sol a l'entrejambe). Il existe donc une différence entre la modéli-
sation théorique d’un membre inférieur et la forme anatomique réelle de la
jambe, ou chaque coupe horizontale a sa propre forme correspondant a la
physionomie de chaque individu. Il est nécessaire d’analyser la morphologie
de la jambe sur une large population d'individus afin d’améliorer la con-
naissance de la forme/des dimensions des patients. Ainsi, cette étude com-
mence par la classification des formes 3D de la jambe. L'objectif de ce travail
est de définir une méthodologie exhaustive pour obtenir des classes mor-
phologiques caractérisant les formes 3D de la jambe et d’extraire les mor-
photypes les plus significatifs pour chaque classe. Une base de données aété
alimenter par les formes 3D des jambes scannées de la population consid-
érée. Différentes techniques de classification non supervisées ont été utilisées
pour analyser la géométrie de la forme 3D de la jambe globalement, ceci en
regroupant la population en groupes morphologiques. Afin d’améliorer la
qualité du partitionnement des données, un modéle de détection des anoma-

lies a été utilisé pour supprimer les valeurs aberrantes et les sujets atypiques.



ix

A la fin de la classification, les morphotypes de jambe de chaque classe mor-
phologique ont été extraits de la base de données afin d’obtenir une représen-
tation réaliste de la forme de la jambe. Un outil de recommandation, as-
socié a un systeme de dimensionnement, a été proposé et sert de base a la
paramétrisation des morphotypes adaptatifs. La méthodologie de concep-
tion des morphotypes adaptatifs a été développée dans un outil d’aide a la
décision de type CAO, pour tenir compte des changements de volume et
de hauteur d"un nouveau patient. Ces morphotypes ont été développés en
tenant compte des changements de volume et de hauteur du nouveau sujet,
conformément a la recommandation de taille. Ces morphotypes de jambe
adaptatifs constitueront 'interface morphologique et dimensionnelle entre le
jumeau numérique (thése 3 associée a ce projet) et le BMC. Bien que le proces-
sus complet de création numérique du BMC repose sur trois modeles inter-
connectés (jambe, aisance, et BMC), cette these s’est concentrée essentielle-
ment sur le développement du modele de la jambe et de ses morphotypes
adaptatifs, tout en proposant un systéme de dimensionnement des jambes
spécifique a la morphologie ainsi qu'un outil de recommandation associé. Le
modele d’aisance, destiné a intégrer les notions de confort, d’ajustement et de
propriétés mécaniques, demeure une question ouverte a approfondir dans le
cadre de la suite du projet Symphonies. Le présent travail constitue ainsi
une base essentielle pour l'integration future du BMC numérique, permet-
tant d’optimiser le processus de conception des dispositifs de compression

thérapeutique

Mots clés: Classification non-supervisée, Normalisation et descripteur de
forme 3D, Morphologie humaine, Systeme de tailles, Anthropométrie, Mod-

ele paramétrique
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Chapter 1

Introduction

Compression therapy is a widely used treatment for chronic venous diseases
that involves applying pressure to improve blood flow and reduce swelling
and it is an indispensable treatment option [1] in the management of patients
who suffer from diseases like Chronic Venous Insufficiency, a chronic and
progressive disease of the leg veins [2], or Lymphoedema, which manifests
by an abnormal collection of lymphatic fluid [3]. Both of these diseases are
more common in women [3], [2], [4]. Compression stockings are widely used
long-term treatment options for both of these diseases [5], [4], [6], as wearing
them can improve blood circulation and reduce symptoms, but there are still
a large number of patients non-compliant [5] that can hinder the treatment
outcome. The most common practice is the use of graduated compression
stockings, which apply the highest pressure at the ankle and gradually de-
crease it towards the thigh. They are classified based on the pressure they
exert at the ankle [5]. As they have to be worn for a prolonged time, and
it is recommended that they should be worn daily, in a way, they act as a
second skin. The key feature of compression garments is the fit, because they
have to adapt to the underlying morphology of the wearer at the same time
it has to provide a predicted effect [7]. Poorly fitted compression stockings

could cause serious harm to the wearer that could lead to pressure necrosis,
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impaired arterial flow, or even amputation [5]. The underlying anatomy of
the limb can passively influence the applied pressure in each zone, result-
ing in varying pressure [8], especially in the case of the traditional homoge-
neous compression stockings, as these stockings are designed in a way that
they consider the limb cross-section as perfectly circular. With traditional
compression stockings, pressure damage can be developed by the shape of
the patient itself [9], [8], in case the product is not well fitted. Both chronic
diseases have shape-related deformation present in the severe stages [10],
[11]. Custom-made compression garments are the most accurate therapeutic
products that support the external healing process [12]. By using 3D body
scanners instead of manual measurements and by the development of a reli-
able compression knitted fabric assessment method, it is possible to calculate
the correct product dimensions that apply the intended pressure gradient to
the leg. Medical compression stockings can be fully personalized to the indi-
vidual’s measurements, but this method is rarely used in an industrial setting
because of manufacturing constraints, and obvious costs. Despite these dis-
advantages, development of personalized compression therapy has been al-
ready suggested in multiple studies [13], some of which have used paramet-
ric models of the lower leg [14] to propose custom fit sizing systems, others
reevaluated the leg shape to create better, more effective sizing systems that
account for higher variations in shape [15]. Most often, the design of com-
pression products relies on sizing tables to create off the shelf products. In
ready-to-wear and made-to-measure apparel production, one of the driving
forces is the definition of fit [16], [17]. Ready-to-wear sizes are derived from
anthropometric surveys conducted by governments and research institutions
to build an anthropometric profile, represented with sample subjects of a spe-
cific population [18]. The issue with current sizing systems is that standard

sizes should be matched to individual body measurements, and to find an
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optimal size, the dimensions of the client should be very close to standard
values [19]. Body types that are far from being average are still undeserved
and difficult to dress, even with made-to-measure protocols [16]. The math-
ematical definition of the body-to-garment relationship is a challenging task
as bodies are different in size and shape, which can change with ethnicity,
sex, weight gain, and aging. Understanding the link between a 3D garment
and a 2D pattern is of high importance, and for this, it is also necessary to
understand body morphology. Yet, we still define garments with traditional
2D block-patterns, that might be adapted to different circumference ratios
and body proportions externally [16], [19], but keeping the internal shaping
the same through grading, making no difference between a small size and
an extra-large size, which assumes that the garment will drape the same way
on a smaller curve as on a larger curve while these in reality are different
body shapes. It is also common to derive certain measurements, with pro-
portional rules from principal measurements [19], which deepens the gap
between body types. Following these rules, it is only possible to create pat-
terns from an average body, with high symmetry, standard proportions, and
posture. For this reason, it is very important to understand 3D scanning tech-
nology and how the data is being processed, as it is the only way to go from
an impersonalized sizing approach to a personalized clothing design [20],
also representing a closer step to apparel sustainability [16] and mass cus-
tomization. Data collection with 3D body scans will benefit manufacturers
in redefining their sizing systems and garment patterns to better suit various
body types. 3D-driven pattern making on 3D acquired demographic data
can result in multiple benefits: inclusion for body types that fall out of sta-
tistical norms, improve comfort at wearing through smart design, increase
customer satisfaction, therefore less returns, and less industrial waste while

increasing client fidelity [16], [21].
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1.1 The Symphonies project

France 2030 is an investment plan for the future, launched on October 12,
2021, that allocates €54 billion to catch up on France’s industrial lag by mas-
sively investing in innovative technologies and supporting ecological transi-
tion [22]. The 10 key objectives are regrouped in three main pillars: better
production, better living, and better understanding, focusing on modern-
izing industry, improving quality of life through innovation in health and
food, and enhancing scientific and technological knowledge. The General
Secretariat for Investment leads this plan on behalf of the Prime Minister of
France, and it is implemented by the Ecological Transition Agency (ADEME),
the National Research Agency (ANR), Bpifrance, and the Caisse des Dépots
[23]. The i-Démo initiative is a call for projects under the France 2030 invest-
ment plan, managed by Bpifrance, and it aims to support large-scale, struc-
turing research, development, and innovation projects that contribute to the
development of industrial and service companies in promising markets. To
enhance France’s industrial competitiveness, this program encourages the
collaboration among businesses, research organisations and other stakehold-

ers [24].

The Symphonies project is a winner of a call for projects under the i-Démo
program, launched as part of France 2030 recovery plan [25]. This project
aims to develop a digital solution to improve the care of patients with lym-
phoedema, which is a chronic and irreversible disease — a dysfunction of the
lymphatic system, causing swelling of the limbs - affecting over 250 000 peo-
ple just in France. The developed digital tools will not only be useful for the
patients and healthcare professionals to follow up on the development of the

disease, but also for the industrial partners, who will be able to use these tools



1.1. The Symphonies project 5

for better and more inclusive product design, and by this revolutionizing the
medical textile market.

The leader of the project is Sigvaris Group France, which is specialised in
the design, manufacture, and sale of medical compression products to treat
a wide range of medical needs [26]. Sigvaris is collaborating with five other
partners, each of whom has a specific task to complete to make the Sym-

phonies project succeed. These five partners are the following:

Ecole Nationale Supérieure des Arts et Industries Textiles (GEMTEX)

Ecole Nationale de Mines Saint Etienne (SAINBIOSE)

Institut National des Sciences Appliquées (INSA Lyon)

Institut Francais des Textiles et de 1’'Habillement (IFTH)

Healabs

The first task in the symphonies project is the development of a modeling
solution for the design of a Medical Compression Stocking (MCS), which
involves the development of a product design software tailored to indivi-
dual body morphologies, integrating a digital twin of the lower limb with a
simulation tool that models the mechanical behavior of compression fabrics.
This software is intended to predict how the compression garment will physi-
ologically impact the body, particularly in terms of pressure applied to the
venous and lymphatic systems. The influence of different textile materials,
each with unique mechanical properties, will be analyzed. A key objective
is to evaluate the relationship between the applied external pressure and the
resulting decrease in internal pressure within these vascular networks. This
task is being jointly carried out by the Sigvaris Group France, Ecole Nationale
Supérieure des Arts et Industries Textiles (GEMTEX Laboratory), and Ecole

Nationale de Mines Saint-Etienne (SAINBIOSE Laboratory).
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velopment of a modeling solution for the design of a Medical

Compression Stocking (MCS)

Figure 1.1 presents the workflow of the development of a modeling so-

following;:

lution for the design of MCSs, divided into three major sub-tasks between
the GEMTEX and SAINBIOSE laboratories. GEMTEX is currently involved

in two of these sub-tasks, which are carried out in parallel, and these are the

* Sub-task 1.1.1: Analysis of the morphology of MCS wearers and cre-

ation of a design model

¢ Sub-task 1.1.2: Development of a MCS mechanical simulation model

1.2 Problem statement

Despite the rapid development of 3D body scanning technologies in recent
years, which has made digital anthropometry a fast and accurate task, there
is still a lack of robust and explainable AI methods that can accurately parti-
tion real-life anatomic data into distinct clusters without the need for existing

labels. 3D shapes that are obtained from digital anthropometry in their row
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form have a complex and irregular character that makes 3D shape analy-
sis a real challenge. Moreover, these types of data are often subject to out-
liers, which can skew analysis and compromise results. When we focus on
the shape and size variations of the human leg, we need to capture the sub-
tle shape variations rather than broad categorical differences; therefore, we
need a 3D shape descriptor that can capture intra-class variability, preserving
overall topology in a compact form and well-suited for comparative study.
While there have been studies conducted to analyse the shape of 3D body
scans, using Principal Component Analysis (PCA) [27], [28] or Deep Neural
Networks (CNN) [29], [30] to extract most relevant variations and features
from 3D anthropometric data and further partition with unsupervised meth-
ods, the explainability of the obtained results still stays limited as the vari-
ations cannot be meaningfully interpreted. Additionally, PCA is proven to
be sensitive to pose variations. These quantitative shape differences might
describe variance and subtle geometric differences, but often lack biological
interpretability or act as black boxes, limiting clinical trust and adaptation.

Dealing with anatomic data, especially with geometries that present soft tis-
sue alterations that characterize Lymphoedema and CV], raises the question
of outliers, which could interfere with the correct identification of morpho-
logical clusters, especially if the available data is scarce. The emergence of
deep learning, like convolutional neural networks, has changed feature ex-
traction from medical data, allowing us to understand more complex struc-
tures. Recent studies have explored novel techniques that enhance anomaly
detection by focusing on global structures rather than pixel-level details [31],
local consistency [32], and uncertainty modelling [33] to improve classifica-
tion performance which holds a prospective solution in case of human legs,
where anomalies can be subtle and require models that consider global shape

when it comes to anomaly detection.
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Although previous studies have explored body type classification with vari-
ous shape descriptors, little attention has been given to the anatomical clas-
sification of the lower limb with the purpose of improving compression ther-
apy with the development of parametric leg models. Both leg classifica-
tion regarding shape and size, and the development of adaptive paramet-
ric leg models are crucial to allow manufacturers to design compression so-
lutions that adapt to the user’s underlying leg morphology and apply the
intended pressure gradient, necessary for healing and long-term manage-
ment of chronic conditions. It has been pointed out in multiple studies that
the fit of the compression products is highly influencing the exerted pres-
sure on the leg [34], [35], [36], yet current sizing tables, used in the industry,
fail to include certain leg shapes and sizes, leaving a high percentage of pa-
tients with products that slip, wrinkle and cause discomfort, which directly
influences their compliance with treatment. Moreover, some sources also
state that compression garments should take into consideration the interface
pressure across the limb and not only in the three key anthropometric levels
(ankle, calf, thigh), and that assessing the pressure applied by the garment

should involve a real human limb shape to have validity [37].

1.3 Research outline

The role of MCSs (Medical Compression Stockings) is to meet explicit med-
ical requirements. Additionally, it must respond to the implicit expectations
of patients as well. To contribute to compression therapy, each function that
MCSs provide results from a combination of knowledge of the therapeutic
imperatives, patient involvement in the treatment, and a meticulous process
of reflection, design, and product optimization. This thesis is part of the i-

Démo project (Symphonies project), which aims to digitize the entire process



1.3. Research outline 9

of creating MCSs concerning their therapeutic effects, which can be evaluated
by simulating the venous system using the digital twin of the leg. This digiti-
zation requires, first and foremost, knowing the morphology of the patient’s
leg, its size, and additionally, the spatial distribution of pressure provided
by the MCS that will surround the leg. A digital MCS creation process must

then be set up, which requires fulfilling the following research objectives:

RO1 Integrate morphological classification with biomechanical and fabric

data to optimize sizing and fitting of MCSs.

RO2 Design anomaly detection and clustering frameworks to identify ab-

normal leg shapes relevant to medical compression therapy.

RO3 Develop and evaluate unsupervised and deep learning models to clas-

sify 3D leg morphologies and extract representative morphotypes.

To meet these objectives, the following research questions should be an-

swered:

RQ1 How can Al techniques detect abnormal leg morphologies relevant to

MCS treatment?

RQ2 What are the most effective combinations of unsupervised clustering
and deep learning methods for classifying 3D leg morphologies and

supporting adaptive design rules for MCSs?

RQ3 How can morphological data be used to create a comprehensive sys-
tem for automated sizing and fitting of MCSs, based on leg shape,

pressure mapping, and fabric properties?

Chapter 2 provides a comprehensive overview of existing research on
compression therapy that concentrated and tried to decode the shape of the

leg as a major influencing factor of the interface pressure, highlighting the
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problems related to the leg shape of the patients and pressure correspon-
dence that exist in the state-of-practice. As most literature that we have re-
viewed suggested that the industry should focus more on the real leg shape
of patients when they are designing compression products, one of the ma-
jor research gap that we have identified was that most of studies focused on
the circumferential variability at major anatomical levels either as 1D data or
2D cross section, and especially in case of the latter, the studied population
only extends to a few subjects. One of the main objectives of this thesis was
to identify what could describe the leg morphology of a larger population,
which goes beyond 1D anthropometric data, and at the same time, it is also
repeatable and discriminative enough to define clusters. Accordingly, this
research focuses on the comprehension of a larger scale 3D scanned data at
an anatomical level, including, in the state of the art, the study of the surface
soft tissue and bony landmarks of the lower limb to identify the key focus
zones that could create a 3D shape descriptor contributing to the explana-
tion of the results. To answer our first research question and explore what
the most effective classic and modern unsupervised clustering methods are
for 3D leg morphology classification, we first developed a taxonomy of the
literature to categorize current approaches and a benchmark comparison of
selected methods.

The results related to the identification of various shape descriptors and mor-
phological groups through classic machine learning techniques are presented
in Chapter 3. A novel unsupervised anomaly detection model (Mesh Deep
SVDD) that integrates the Fully Convolutional Mesh Autoencoder (FCMA)
with Deep SVDD for a 3D mesh processing framework tailored to our 3D leg
morphology dataset is presented in Chapter 4, where we highlight the advan-
tages and disadvantages of such an approach. Since in our database we have

subjects who suffer from chronic conditions, it was necessary to preview the
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modalities through which an Al can detect outliers or abnormal leg struc-
tures relevant to medical compression treatment, which answers our second
research question. As a result, we also present an interpretable anomaly de-
tection system applicable to 3D morphological mesh data obtained from 3D
body scanners usable in a clinical setting.

Chapter 5 outlines the methodology employed to create a new sizing logic
and recommendation tool for the adaptive parametric leg morphotypes, with
a reflection on how 2D anthropometric data could be interpreted as growth
rules to create a more inclusive and more effective product sizing.

Chapter 6 presents an automated solution for a 3D medical compression
stocking model that is derived from a negative ease model built on a decreas-
ing gradient pressure logic towards the thigh and the integration of textile
mechanical properties, obtained in a collaborative project. These two chap-
ters give an answer to how 3D morphological data could be used to create a
comprehensive system for automated sizing and fitting of MCS based on leg
shape, pressure mapping, and fabric properties.

Chapter 7 summarizes the answers to the presented research questions, high-
lighting the main findings and reflecting on their significance concerning the
initial research objectives. It highlights the key contributions of the work and
acknowledges the limitations encountered during the study. In addition, it

highlights the potential directions for future research.

1.4 Publications

The work presented in this thesis has been disseminated in the following

conference papers, presented in reverse chronological order.

¢ T. Banfalvi, D. H. Nguyen, K. D. Tran, G. Tartare, P. Bruniaux, X. Zeng,

and K. P. Tran, “Anomaly Detection in Morphologies of Human Legs for
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the Implementation of Adaptive Leg Morphotypes and Medical Com-
pression Stockings’, 3rd ISSAT International Conference on Data Sci-
ence in Business, Finance and Industry - Da Nang, Vietnam., 6-8 Jan-

uary, 2025.

T. Banfalvi, K. D. Tran, G. Tartare, P. Bruniaux, and K. P. Tran, ‘Unsu-
pervised classification of 3D morphologies of human legs for the im-
plementation of adaptive leg morphotypes and Medical Compression
Stockings: A survey and perspective’, 10th EAI International Confer-
ence on IoT Technologies for HealthCare, Dong A University, Danang,
Vietnam, 22-24 Oct, 2024.

T. Banfalvi, D. H. Nguyen, K. D. Tran, G. Tartare, and P. Bruniaux, ‘Deep
Convolutional K-Means of 3D morphologies of human legs for the im-
plementation of adaptive leg morphotypes and Medical Compression
Stockings’, 10th EAI International Conference on IoT Technologies for

HealthCare, Dong A University, Danang, Vietnam, 22-24 Oct, 2024.

T. Banfalvi, P. Bruniaux, G. Tartare, and F. Dassonville, ‘Unsupervised
classification of 3D morphologies of human legs applicable in the use of
medical compression stocking design’, in Proceedings of the 18th ‘Er-
gonomie et Informatique Avancée’ Conference, Bidart, France: ACM,

Oct. 2023, pp. 1-8. doi: 10.1145/3624323.3624327.
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Chapter 2

Background and Literature Review

In this chapter, we explore the state-of-the-art related to problems arising
from the poor fit of Compression products, how the shape of the leg can
influence the pressure applied to the lower limb, and how these problems
are already being managed. This we present in Section 2.1. In Section 2.2,
we explore the anatomical study of the human leg, highlighting the research
that has already described morphological changes in the human leg. Next,
we explore the existing classic and modern unsupervised and deep learning
methods used for data partitioning, paying special attention to the existing

anomaly detection solutions.

2.1 Introduction to Compression therapy

Compression therapy is a widely used treatment for chronic venous diseases
that involves applying pressure to improve blood flow and reduce swelling,
and it is an indispensable treatment option [1] in the management of pa-
tients who suffer from diseases like Chronic Venous Insufficiency or Lym-
phoedema. To improve venous return and reduce oedema, compression sys-
tems, especially compression hosiery, aim to provide graduated compression
to the lower limb [38]. To achieve this graduate compression, the highest

pressure should be applied at the ankle, which gradually decreases towards
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the knee. Eagle [9] explains that graduate compression can be achieved by
applying a bandage with uniform tension to a leg with a normal proportion-
ality. Eagle also pointed out that in many cases, patients do not have a regular
leg shape, and it might even be disproportionate, which can result in vary-
ing pressure at any given point. The incorrect level of pressure can lead to
pressure damage; therefore, it is of great interest to make a correspondence
between leg shape, size, and product design. Moffat [39] precisely states that
achieving precise and consistent pressure is a difficult task, as on diverse
limb shapes, pressure can vary significantly. The underlying anatomy can
passively generate uneven pressure in and can also result in uncomfortable

wearing perception [8].

2.1.1 Chronic Venous Insufficiency

Reich-Schupke [2] defines Chronic Venous Insufficiency (CVI) as “a chronic,
progressive disease of the leg veins caused by primary alterations in the vein
wall and/or vein valves, or secondary alterations after thrombosis, accom-
panied by visible veins in the leg, venous reflux and venous hypertention,
as well as microcirculation disorders and trophic alterations in the lower
leg and foot.” He also states that women are more frequently affected than
men. Nicolaides [40] describes that venous hypertension, which is a result of
"structural or functional abnormalities of the vein," causes the symptoms that
can characterize chronic venous insufficiency. According to Wegen-Franken
[41], CVI is a more severe form of chronic venous disease (CVD), which, in
terms of clinical classification, according to CEAP [11], is associated with C4
to C6. The medical management of venous hypertension is compression ther-
apy with therapeutic graduated-compression stockings [42]. As Motykie et

al. [42] describe, the calf-muscle pump, which contracts around veins and
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forces the blood to move, acts as a safeguard against the development of ve-
nous hypertension. The paper also mentions that the direction of blood flow
is determined by the valves inside the vein. The combination of the pumping
motion of the calf muscle and the directing nature of the valves makes the
blood circulate in an upward motion. The above-mentioned hypertension
appears as a result of valve failure. CVI can significantly alter the soft tissue
morphology of the suffering patient as the symptoms of this disease include
visible veins as well as possible “irreversible damage to the skin, fatty tissue,
connecting tissue and musculature” as Reich-Schupke described in [2]. Ac-
cording to Motykie et al. [42], CVI considerably reduces the quality of life
of patients, because the pain and discomfort associated with the disease can
lead to a loss of mobility, reduction in work capacity, and also has an impact

on their social life.

Classification of chronic venous insufficiency Porter et al. [11] created a
classification system in 1994, abbreviated as CEAP, in which they defined a
way to group legs presenting signs of chronic venous disease according to
"Clinical signs (C), Ethiology (or cause) (E), Anatomic distribution (A) and
Pathophysiology (P)". For the clinical classification, they assign the leg to

one of the following seven classes:

* Class 0 - No visible or palpable signs of venous disease

* Class 1 - Telangiectases, reticular veins, malleolar flare

¢ Class 2 - Varicose veins

¢ (Class 3 - Edema without skin changes

¢ Class 4 - Skin changes, such as pigmentation, venous eczema, lipoder-
matosclerosis

¢ Class 5 - Skin changes with healed ulceration

¢ Class 6 - Skin changes with active ulceration
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The assigned class will be abbreviated as Cy. In addition to this classifica-
tion, they also characterize the leg as asymptomatic or symptomatic, adding
to this abbreviation the letter A or S, like the following: Cp.4 A or Co.4 s. The
Etiologic classification refers to the categorization of venous dysfunction as
congenital, abbreviated as Ec and refers to the disorder that is present from
birth, with symphtoms appearing later in life; primary, described as a venous
dysfunction with an unknown cause, abbreviated as Ep or secondary, which
appears as a result of an acquired condition, abbreviated as Eg. The anatomic
classification describes the venous disease as "superficial (Ag), deep (Ap),
perforating (Ap)" or as a combination of these. The pathophysiologic clas-
sification refers to whether the clinical signs of the disease are caused by

venous reflux (PRr), obstruction (Pg), or both.

21.2 Lymphoedema

Primary Lymphoedema is a chronic and incurable disease that, according to
Macdonald et al. [3], manifests "by an abnormal collection of lymphatic fluid
as a result of an anatomical alteration to the lymphatic system" and it occurs
most often in the legs. It can occur at three stages of life: at birth, at adoles-
cence, or above the age of 35, and it is more likely in women than in men,
the ratio being 87% to 13% [3]. Secondary Lymphoedema can be associated
with chronic wound, chronic venous disease, radiation, infection, or trauma,
along with other exogenous causes [3], [4]. Secondary lymphoedema often
occurs as a result of cancer treatment, such as Breast cancer and certain types
of Gynecological cancers, making the male-to-female appearance ratio 1:9
[4], proving that this chronic disease is more likely in women. As Macdonald
et al. [3] put it, "Lymphoedema is a high-protein edema, which is the result

of damage or absence of the normal lymphatic system". Both primary and
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secondary lymphoedema are irreversible and progressive, and they have a
terrible effect on the quality of life of patients [4]. Kitayama [4] highlights
the importance of improving the outcome of treatment in future studies, as
lymphoedema is "intractable and few cases are completely cured". There are

4 stages of Lymphoedema, and they are the following [10]:

Stage 0 - normal leg with abnormal lymphatic transport

Stage 1 - early oedema, improvable by limb elevation

Stage 2 - pitting oedema, not improved by limb elevation

Stage 3 - fibroadipose deposition and skin changes

Depending on the increase of the extremity’s volume, lymphoedema can
be characterised as mild(< 20% volume increase), moderate(20-40% volume
increase), or severe(> 40% volume increase) as described by Goss et al. [10].
They also describe that the difficulty in taking manual measurements to de-
termine the volume of the lymphoedema is caused by multiple factors: the
volume has to be calculated, it is difficult to accuratelly determine the refer-
ence points for future assesments and it is also problematic to manage the
tightness at which the tape measure is handled by the examiner as the cir-

cumference could vary significantly at different tightness.

Treatment of lymphoedema For the treatment of lymphoedema, just as
in the case of chronic venous insufficiency, the staple treatment is with the
help of compression stockings and bandages. Additionally, in case of lym-
phoedema, practitioners also use exercise therapy with compression, manual

lymphatic drainage, and skin care in combination [4].
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2.1.3 Overview of Medical Compression Stockings

Compression stockings are widely used as long-term treatment options for
Chronic venous insufficiency and lymphoedema [5], [4], [6]. Wearing com-
pression stockings can improve blood circulation and reduce symptoms of
the disease, but there are still a large number of patients who are non-compliant
[5] that can hinder the treatment outcome. In case of CVI, graduated com-
pression stockings are used, which apply the highest pressure at the ankle,
gradually decreasing it towards the thigh, and they are classified based on
the pressure that they exert at the ankle [5]. Two main units of measure are
used in expressing the compression level of medical compression stockings.
One is millimeters of mercury (mmHg), which, as the author of [43] explains,
comes from the mechanics of compression stockings that are designed to
compress the soft tissue and blood vessels of the leg, thereby reducing their
volume and changing the blood pressure. This mechanism is also mentioned
in [6]. As blood pressure in medicine is expressed in mmHg, this unit was
adapted to compression stockings as well. The second unit of measure is Pas-
cals (Pa), which is more commonly used in technical sciences.

In case of lymphoedema, as Kankariya [6] has described, "the increased pres-
sure in the veins stimulates pumping of the lymphatic system and encour-
ages re-absorption of lymphatic fluid", encouraging more reabsorption and
less leaking of fluid.

Three factors influence the pressure applied by the stocking [5]:

* stiffness and elasticity of the material that the stocking is made of
* the size and shape of the leg

* activity of the wearer (lying, sitting, or in active movement)

There are four different classes of compression hosiery recognized in the

French standard, and they are characterized by the sub-bandage pressure
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that they exert at the ankle [5]:

Class 1 - 10-15 mmHg

Class 2 - 15-20 mmHg

Class 3 - 20-36 mmHg

Class 4 - > 36 mmHg

Size selection To select the correct size of the product, first of all, the mea-
surements have to be taken correctly. For this, it is recommended that pa-
tients should be measured in the morning and without the presence of oedema
[44]. In case of lymphoedema and atypical-shaped legs, the author of [44]
recommends custom-made compression hosiery, and particularly, it is men-

tioned that in case of lymphoedema, flat-bed knit is required.

2.1.4 Sizing and design of Medical Compression Stockings

Medical compression stockings have to be worn for a prolonged time, and it
is recommended that they should be worn on a daily basis; in a way, they act
as a second skin. The key feature of compression garments is the fit, because
it has to adapt to the underlying morphology of the wearer. At the same
time, it has to provide a predicted effect [7]. Norregaard et al. [45] mention
in their paper that the ready-to-wear compression stockings are not adapted
to the morphological changes that venous leg ulcer creates in patients who
are suffering from the more severe form of CVI, and suggest a reevaluation
of sizing systems that are more adapted to this morphology. Lozo et al. [43]
stated in their paper that "the elongation of the knitted fabric on a specific leg
part depends on the amount of elongation force, but also the length of the

yarns knitted into a course. They also have found in their analysis that in the
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case of the high compression pantyhose, they have not found a "mathema-
tical correlation between the elongation and the compression of the knitted
tabric". This conclusion was drawn from the pressure analysis, where they
have tested the same compression stocking on two different-sized wooden
legs. The elongation of the larger leg has occurred, but it did not significantly
change the applied compression on the leg. After this discovery, they were
meditating on the leg size that this compression stocking was intended for.
The authors highlighted basic parameters that are important for the correct
construction of compression stockings, from which the following are consid-

ered important in our case:

e the choice of a machine of certain construction, fineness, and needle
bed diameter

* the knitting technologist should be provided with the sketch of the leg
shape containing both leg lengths and circumferences

* in modern production, the method of personalizing the product could

be applied

2.1.5 Causes for poor fit and non-compliance

Palfreyman et al. [5] emphasize that a poorly fitted compression stocking
could cause serious harm to the wearer that could lead to pressure necrosis,
impaired arterial flow, or even amputation. As Liu et al. [8] described, the
underlying anatomy of the limb can passively influence the applied pressure
in each zone, resulting in varying pressure, especially in the case of the tradi-
tional homogeneous compression stockings, as these stockings are designed
in a way that they consider the limb cross-section as perfectly circular. This
uneven pressure can result in discomfort while wearing, which directly re-

sults in non-compliance. In [38], they describe that in the case of areas with
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bone prominences and zones with a smaller radius, the pressure is higher
than in muscular areas at the same level, where the radius of the curve is
larger. This cross-sectional variation and the pressure relationship are illus-
trated in Figure 2.1. The same phenomenon is described in papers [9], [8],
stating that pressure damage can be developed by the shape of the patient
itself.

high
pressure

” medium

! pressure

low
pressure

FIGURE 2.1: Cross sections through the lower right leg show-
ing how different pressures may be generated according to the
radius of curvature of the leg as described in [38]

2.1.6 Comfort and fit optimizations

According to Kowalski et al. [12], custom-made compression garments are
the most accurate therapeutic products that support the external healing pro-
cess. One of the important factors in the modeling and designing of compres-
sion products that this paper mentions is the accuracy of the body measure-
ments, which can be enhanced by the use of 3D body scanners as a replace-
ment for the less reliable manual measurements. The second factor is the de-
velopment of a reliable compression knitted fabric assessment method that
could provide information related to the required pressure value. In their pa-
per, they propose an algorithm that could be used in the design of compres-
sion products, allowing the determination of correct product dimensions that

would exert the correct graded value of unit pressure along the body part.
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In the previous Section 2.1.5, we presented the discomfort and pressure inco-
herence caused by the irregular cross-sections of the lower limb, an issue for
which Liu et al. [8] proposed a 3D knitted hybrid compression stocking that
has a heterogeneous structure differentiating the elastic modulus of the knit-
ted fabric, in function of the underlying anatomy, using lower elastic mod-
ulus in front of the muscle (calf) and higher elastic modulus in front of the
bone (tibia). This construction has the advantage of reducing peak pressure
at bony prominences and augmenting the contraction of the calf muscle.

Granberry et al. [46] studied the geometric variability of the lower leg to
propose a novel sizing system for active compression garments, which re-
quire high body shape and size fidelity. For this, they have conducted 3D an-
thropometrical studies to define body variability and statistically divide size
groups based on body measurements. They have highlighted that achieving
a precise fit is very challenging because of the lack of correlation between leg
measurements, and they have also suggested that, within all leg circumfer-
ences, the ankle measurement is a key dimension to organize the population
into distinct groups, because this area of the body is less susceptible to gain-
ing weight or developing muscle mass. Their research highlighted that, in
general, men have larger lower leg circumferences than women, and they
suggest that they should have larger compression garments. It has also been
pointed out that women have a wider knee size range than men and that the
ankle and calf size of men has a larger variability due to larger muscle mass.
Figure 2.2 depicts the shape variability of male and female subjects in three

anthropometric zones: ankle, calf, and knee.
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FIGURE 2.2: Superposed cross sections of the knee, calf, and

ankle for average male and female subjects from different size

quartiles, depicting the shape variability and irregularity of
these areas as described in [46]

2.2 Leg morphology and anthropometry

This section discusses anatomic and anthropometric discoveries related to
the lower limb, also highlighting some of the surface landmarks that could
be used in the development of shape descriptors and the extraction of an-

thropometric data.

2.2.1 Previous research on human leg morphology’s variabil-
ity
Body size and shape are two factors that vary considerably among the hu-
man population [47]. Height and weight are absolute measures of body size,
and body mass index is a relative index reflecting body shape, as the author
of [47] states. The author of [48] defines sexual dimorphism as “ a system-
atic difference in size and shape between female and male members of the
same species.” While compared to animals, humans show less sexual dimor-
phism, men and women still have numerous differences. The term sexual

dimorphism is commonly used for secondary sex characteristics, which are

unrelated to reproduction, such as height, weight, or body shape.
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Morphological variability of the leg bones In human anatomy, the re-
lationship between the proximal and distal limb segments is called intra-
limb proportion. In case of the lower limb, we call it the crural ratio (tibia
length/femur length) [49]. Holliday et al. [49] suggest that in the recent hu-
man population, the distal lower limb segment (tibia length) is more variable
than the proximal segment (femur length), and this variation is more likely in
the case of men than in the case of women. In his study, he also suggests that
the best assumption should be that both proximal and distal limb segments
have an equal intrinsic variance. To measure the relative variation of the limb
segments, Holliday in [50] calculated the coefficient of variance with the fol-
lowing formula: CV = standard deviation/mean*100. In the same paper [50],
the author also shows evidence that in the case of the lower limb, the relative
variation of the tibia is much higher than that of the femur. The study uses
combined sex samples as there is little sexual dimorphism in the crural in-
dex, deduced from the split results that have not significantly changed when

male and female samples were separated.

Morphological variability of the leg muscles Quoting the words of Po$nik
et al. [51], « muscles and their tendons are not considered the most variable
structures in humans”.

Muscles of the lower leg: In the anterior compartment of the lower leg,
we find the tibialis anterior muscle. The tibialis anterior, visible on Figure
2.3a, is a “long, narrow fusiform-shaped muscle located in the anterior com-
partment of the leg” [52]. The gastrocnemius is a large superficial muscle [53]

located in the posterior compartment of the leg, visible on Figure 2.3c.
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(A) Anterior view of the lower leg, (B) Anterior view of the lower leg, high-
highlighting the tibialis anterior mus- lighting the Extensor Digitorum Longus
cle.Adapted from [52]. muscle. Adapted from [54].

(C) Posterior view of the lower leg,
highlighting the gastrocnemius muscle.
Adapted from [53].

FIGURE 2.3: Muscles of leg

Morphological variability of the adipose tissue Humans show significant
average sex differences in body composition [55]. Mansour et al. [56] explain
that “Adult women have significantly higher fat mass values and relatively
lower lean mass compared to men”. Nikitovic [48] and Wells [55] state that
“The ratio of lean to fat is much greater in males than females”. According
to the findings in [57], “Males had more bone and skeletal muscle and less
fat than did females for both lower and upper extremities.” Wells in [55] also
noted that the fat and lean deposition is directed towards different body loca-
tions between the two sexes. This phenomenon can contribute significantly

to the differences in shape, the author calling it shape dimorphism. Sexual
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dimorphism related to shape can also be influenced by age; the findings in
[55] show that both men and women by the age of 70 — 80 lose their early
adult shape. The same paper states that obesity and low body mass index
can both decrease shape dimorphism. Nindl et al. [58] demonstrated that
"Men have more of their muscle mass in their arms and women have more
of their fat mass in their legs", this phenomenon being the main reason for

gender differences in body composition.

Surface anatomy of the leg Surface landmarks of the human body fall into
two categories: soft surface forms and hard surface forms. Within the soft
surface forms we can name, the superficial muscles, tendons, ligaments, and
fatty tissues, and within the hard surface forms we can identify bone promi-
nences that can be seen on the surface of the body [59]. The bones of the lower
limb are the femur, tibia, fibula, and patella. Certain parts of these bones can

be seen or palpated on the surface of the leg, and these are the following;:

¢ Greater Trochanter

¢ Lateral Condyle of Femur
* Medial Condyle of Femur
e Patella

e Tibial Tuberosity

¢ Head of Fibula

¢ Lateral Malleolus

e Medial Malleolus



2.2. Leg morphology and anthropometry 27

2.2.2 The impact of leg morphology on the fit and effective-

ness of compression garments

The shape of the leg has important implications in relation to pressure and
garment design [34]. The pressure exerted is affected by the properties of the
underlying tissue and relative proportions of these at any particular cross-
section [34]. The fit of a compression garment is crucial in order to ensure
the correct interface pressure that is going to be applied to the body part. As
Teyeme et al. [35] points out, insufficient pressure will limit the efficacy of
the compression garment; on the other hand, too high compression can lead
to discomfort and serious damage to health. It has been emphasized in this
study that both “The mechanical properties of the fabric and the curvature
radius of the respective body part” should be considered in the construc-
tion of compression garments. We may as well put the question of why the
design of these products is still stuck with the conventional conical construc-
tion, considering the leg as a perfectly symmetrical cylinder, when in real life,
the shape of the lower limb varies greatly. According to the authors of [35],
over the non-uniform human body shapes, the compression garment with a
specific tension exerts and distributes pressure unevenly; therefore,” the ex-
tent of pressure depends on the garment fit and construction and the size and
shape of the body part.”

Lawrence et al. [36] throughout their experiments have proved that the
compression of the lower limb below the knee contributes most of the in-
crease of velocity of blood in the femoral vein. This conclusion was drawn
from the observation that after applying 18-14 mmHg of pressure to the
below-knee region, the deep venous velocity significantly increased, but when
applying the same amount of pressure to the entire leg length, the velocity

did not increase. Another interesting finding of this study was that none of



28 Chapter 2. Background and Literature Review

the pressure ranges can cause blood flow impairment in the muscles. On the
other hand, high external pressure (> 30 mmHg) applied to the leg can cause
a decrease in muscle blood flow. The overall conclusion is that graduate ex-
ternal compression (20 mmHg at ankle — 10 mmHg at thigh) can increase the
deep venous velocity, and very high pressure (reaching 30 mmHg at calf)
can lead to subcutaneous tissue flow impairment and can reduce deep vein
velocity.

The study of Williams et al. [37] evaluated the effects of wearing un-
dersized, oversized, and the recommended-sized compression leggings and
tights, designed for athletes, in different body postures. One of the remarks
that they have made was that in the standing position, the pressure is signifi-
cantly higher than in the seated position. Their analysis has also revealed that
the pressure profile measured across different landmarks on the leg is “nei-
ther graduated nor progressive”. By measuring the interface pressure in the
soft tissue part of the landmarks, they have noted that the pressure is higher
in the calf region and it varies significantly in different landmarks. The study
suggests that compression garments should take into consideration the in-
terface pressure across the limb. The solution for this should perhaps be a
new sizing system that takes into consideration the shape and size evolution
of the leg across its length. They also mentioned that assessing the pressure
applied by the garment should involve a real human limb shape to have va-
lidity, as this method would take into account the body composition and the

posture, which are both important factors.
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2.3 3D shape analysis and classification

One of the fundamental problems in geometric processing is 3D shape anal-
ysis, which is used for finding the intrinsic or extrinsic correspondence be-
tween 3D shapes [60]. The complex and irregular character of 3D data repre-
sents the main challenge in 3D shape analysis [61], because unlike 2D data,
3D shapes don’t have a regular grid structure, and they can be represented
in multiple ways (point cloud, polygonal mesh, voxel, grid) [62]. As Ahmed
et al. [63] describe, shape descriptors are simplified representations of the 3D
objects that contain geometric and topological characteristics of their shape
and make the processing easier, at the same time allowing comparability
among different 3D shapes. Intrinsic shape descriptors can capture the vari-
ability of the surface geometry, and they remain unchanged under isometric
deformations, regardless of the 3D embedding of the object [60]. On the other
hand, when the representation is not invariant to deformations, it means that

the data is being treated as a Euclidean structure; therefore, it is extrinsic [60].

Intrinsic shape descriptor The intrinsic properties of a 3D shape are linked
to the surface and stay constant when isometric deformations occur to the

object.

Extrinsic shape descriptor The extrinsic properties of a 3D object are highly
dependent on the placement and orientation of the object in Euclidean space

and will be affected when rigid transformations occur.

The increasing use of 3D anthropometry and the availability of high-
precision 3D scanners make it possible to use 3D shape analysis in the context
of classifying human body shapes. 3D scanners collect the precise geometry

of the human body in the form of point clouds that can be converted into
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polygonal meshes. Today’s 3D scanner technology has evolved to the point
that this transformation is done automatically, meaning that the previously
required post-treatment processing that involved artifacts like noise, outliers,
holes, or ghost-geometry (armpits and crotch in case of human body) [64], is
not a requirement anymore. Additionally, body segmentation and landmark
identification have also been added to the automatic/ semi-automatic func-
tions, making data collection a straightforward task. The collected data is a
valuable asset in 3D geometric analysis, but it can be considered as a rather
complex and irregular structure, due to the large number of vertices that are
not sampled consistently throughout the database, and both point clouds and

meshes can take part in both Euclidean and non-Euclidean domains [63].

2.3.1 Data management and processing of 3D scans

The rise of 3D body scanning technology allows anthropometric data gen-
eration in a productive way due to the tools designed in the past 30 years,
related to scan processing and data management, anthropometric sections.
In comparison to traditional anthropometry, digital anthropometry has mul-
tiple advantages, the first of which is the large number of different data types
that one can gather: 3D landmarks, 3D meshes, digital anthropometric mea-
surements, and sections. Aggregated data refers to large databases of 3D
body scans that are mainly used in scientific experimental studies with the

purpose of describing the size and shape variability of a given population.

Data processing and post-treatment Alemany et al. [65] review the five

steps of processing 3D body scans, which are the following:
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¢ Calculation of the aligned point cloud: 3D scanners have multiple sen-
sors that can capture the body from different angles, creating an indi-
vidual point cloud for each sensor. As the author describes, these point
clouds are aligned together to represent the body. In this form, the 3D
scan still has artifacts: noise data, missing information, and overlap-
ping points, and these artifacts can impact the final 3D body scan.

¢ Generation of the 3D body mesh: As described in the paper, the best
form of data to collect metrics is a mesh; therefore, it is important to
transform the point cloud from the previous step into a mesh surface.
The author emphasizes that in the case of refinement (hole filling, smooth-
ing, removal of noise data, etc.), the accuracy of the real geometry can
decline; therefore, he recommends storing both point cloud and mesh
forms of data.

¢ Calculation of landmarks: Landmarks refer to anatomical features and
bony prominences that should be located on the body. One way of iden-
tifying these features is to use physical landmarks placed on the body
beforehand, which would create an artifact on the mesh, thus making
them easily identifiable. The advancement of Al and the availability of
large anthropometric surveys(with available landmarks and correctly
standardized) made it possible to automatically calculate the position
of anthropometric landmarks on a new 3D body scan.

¢ Calculation of body measurements: Knowing the position of body
landmarks makes it possible to automatically extract anthropometric
measurements such as heights, circumferences, widths and depths, an-
gles, and they are based on multiple metrics (Euclidean distance, con-
vex hull, etc.)

* Creation of a watertight 3D body model According to the author, shape

registration is a crucial step in shape analysis of the body, which means
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that for this purpose, it is recommended to have a watertight mesh that
is artifact-free and has an invariant topology (point-to-point correspon-

dence)

2.3.2 3D shape normalization

In the context of human body shape analysis, especially in the case of limbs,
one factor that we need to take into consideration is that the height of sub-
jects is variable, while the shape change is moderate; therefore, to be able to
extract shape descriptors comparably, we need to apply scaling to the seg-
mented body part. Hamad et al. [66] used a minimal bounding sphere in
their classification algorithm, where the goal was to extract a 3D shape de-
scriptor that would classify woman torsos in morphological groups. They
used this method to preserve the proportionality of the human body, which

can change with the height of the subject.

Minimal Bounding Sphere The minimal bounding sphere is the smallest
sphere that can enclose a set of points in a 3D space [67]. In 3D model pro-
cessing, finding and normalizing the size of the radius of a minimal bound-
ing sphere can improve stability of the model against scaling [67]. This is
important in the case of both intrinsic and extrinsic shape descriptors. Figure
2.4 presents the normalization approach with the minimal bounding sphere,
implemented by Hamad et al. [68], who used the algorithm of Gartner [69]

Another method that could be used to calculate the minimal bounding
sphere is the algorithm of Welzl [70]. This method is implemented by Se-
mechko [71] in a Matlab function, allowing to compute the exact minimum
bounding sphere of a 3D point cloud or a triangular surface mesh (Figure
2.5).

Mathematically, the minimum bounding sphere is defined as the unique sphere
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FIGURE 2.4: 3D data normalization with the minimal bounding
sphere as presented by Hamad et al. [68]

of smallest radius R that encloses all given points x; € R>:
|x;i —CJ| <R, Vi,

where C € R3 is the center of the sphere. The algorithm fits a sphere to 24

boundary points by solving systems of linear equations derived from this

FIGURE 2.5: Exact minimal bounding sphere of Weltz imple-
mented by Semechko [71]

geometric constraint.

Iterative Closest Point algorithm (ICP) rigid shape registration To deter-

mine differences between 3D objects and to achieve optimal alignment is a
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requirement. This process is called global registration. One of the most pop-
ular registration methods is called ICP (iterative closest point), which com-
putes the rigid transformation (rotation and translation) between two point
sets by determining the optimal translation and rotation to minimize the sum

of squared errors [72].

2.3.3 Geometric learning approaches applied to 3D scans

Geometric learning approaches for various 3D shape representations have
been developed significantly since 2015. New deep network architectures
have been introduced to process and regenerate 3D shapes for geometric
learning [73]. In computer vision, 3D data is a resource that contains valu-
able information about the geometry of an object [63]. There are two main
categories of 3D data representation: Euclidean-structured 3D data, which
has an underlying grid structure allowing global parametrization, and non-
Euclidean 3D data, characterized by an irregular structure, making deep
learning a challenging task. According to Ahmed et al. [63], in the Eu-
clidean representation category, enter the descriptors, projections, RGB-D,
volumetric, and multi-view, and in the non-Euclidean category, enter the
point clouds, grids, and meshes. They illustrate the different types of 3D
data representations in Figure 2.6.

As previously mentioned, 3D shapes are available in many forms, and
these shapes can be studied with both classic and modern learning approaches.
Many of the recently available studies present geometric deep learning meth-
ods on large, labeled data. As our topic of interest is geometric learning
for unsupervised classification (without labels), in this subsection, we will
present the classic and modern methods that are usable for feature extraction

that aims to represent the 3D objects in a compact and discriminative way.
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3D data
representations

FIGURE 2.6: 3D data representation as described by Ahmed et
al. [63], presenting the Euclidean and Non-Euclidean domain
of data representation

Manifold learning is a dimensionality reduction technique, and it has two
approaches: linear and non-linear [74]. Within the linear methods, we can
mention Principal Component Analysis (PCA) and multidimensional scaling
(MDS), which are two common statistical methods. For nonlinear multivari-
ate data we can use methods like Isomap [75], local linear embedding [76],
Laplacian eigenmaps [77], diffusion maps [78]. According to Izenman [74],
nonlinear manifold learning creates "a low-dimensional representation of an
unknown nonlinear manifold that is embedded in the high-dimensional space".
In the low-dimensional embedding, the similar data points are closer to each
other, and the definition of similarity between these points is defined dif-

ferently for all the mentioned methods: Isomap uses geodesic distance, LLE
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uses local reconstruction, diffusion connectivity is used in the case of diffu-
sion maps, and the Laplacian graph is used in the case of Laplacian eigen-
maps. These lower-dimensional characteristics can be introduced in cluster-
ing algorithms to assign each data point to a group. It is important to mention
that all the non-linear manifold learning techniques are intrinsic shape de-
scriptors because they learn the underlying geometry of data, independent
of their embedding; meanwhile, PCA and MDS are extrinsic, because they
have to be embedded in the Euclidean space, therefore, they are sensitive to

global position, rotation, and scale.

Shape descriptors A 3D shape descriptor is a feature representation that
encodes the geometric and spatial information of a 3D shape [79]. A good
shape descriptor has to have high discriminative properties to be applica-
ble in clustering algorithms that aim to group similar 3D objects. A global
shape descriptor can encode information about the entire object geometry,
and can be computed directly from the input [80], and local shape descrip-
tors can describe information about points, faces, or different segments of
the 3D shape, or as Bibissi et al. [79] defined, they encode the proximity of a
point into a feature vector. Rostami et al. [80] pointed out that global shape
descriptors are mainly used in shape recognition, classification, and shape
retrieval, while the local descriptors were used for segmentation, labeling,
point-to-point correspondence, and shape matching. They also mentioned
that global descriptors can be extracted from all types of input data and can

be implemented in a larger variety of learning methods.

Point cloud-based methods Point clouds are spatial representations of 3D
objects that approximate their geometry in an unstructured way [81]. Al-

though point clouds do not contain surface information about the 3D object,
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they still represent the most widely used 3D data form in reconstruction and
classification tasks due to their relatively easy acquisition. PointNet [82] is
the first architecture that directly processes point clouds and extracts features
for classification tasks by learning spatial encoding of each point and aggre-
gating individual point features to a global point cloud signature. Qi et al.
[83] state that it is important to also know the local structure of points, which
PointNet does not exploit; therefore, they have updated the algorithm so that
it would process points “Hierarchically sampled in a metric space” and in-
troduce PointNet++. According to Su et al. [30], PointNet is not designed
to observe local information; it cannot describe detailed structural informa-
tion. They also state that the two mentioned models cannot easily describe
local regions in 3D point clouds. The authors of [30] propose a deep learn-
ing framework for disentangling body type and pose information from 3D
point clouds by learning interpretable latent representations of the data in
an autoencoder structure, proving that the derived latent features are able
to describe body type. Armstrong et al. [29] propose an unsupervised ap-
proach to partition the latent space features of 3D point clouds obtained from
a VAE structure and disentangle body type and pose just as in [30]. They de-
scribe the intrinsic shape (geometric shape) of point clouds with the Laplace-
Beltrami operator and provide a shape descriptor that is invariant to pose
changes. Their algorithm can identify the shape of individuals in different

poses, without the need for labelled data.

Polygonal mesh-based methods Polygonal meshes are a collection of ver-
tices, edges, and faces used to define the shape and contour of a 3D object
[84]. Compared to point clouds and graphs, meshes contain information
about the object’s surface; therefore, using meshes as an input in the deep

learning algorithm could preserve more information about the shape of the
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3D object. As [85] stated, meshes can also encode connectivity information,
thus forming a more comprehensive representation of the underlying sur-
face. Among the deep learning methods that use meshes as input, we can
mention the method proposed by Gao et al. [62], who proposed a Graph
Convolutional Neural Network method, in which they introduced a feature
tensor containing the face adjacency indexes (3 for each face), the XYZ coor-
dinates of the center point of each face and the vectors from the center point
to each of the three vertices of a triangle face. They tested their algorithm on
ModelNet40 [86], which is a clean collection of 3D CAD models for 662 object
categories specifically prepared for deep learning. With their method, they
have achieved a 91% classification accuracy and obtained shape descriptors
with rich features. Another method that uses meshes as input proposes an al-
gorithm called MeshNet [61] that takes the features of each face, similar to the
previous work (Center, Corner, Neighbor index), adds to the list the normal
of each face, and creates a list of features, introduced as an input in a Mesh
convolution neural network. They also tested their algorithm on ModelNet40
and achieved 91.9% of classification accuracy. Their descriptor contains both
spatial and structural features of each face, and the algorithm’s ability to pro-
cess faces individually solves the complexity of mesh-based non-Euclidean
data. The third method we reviewed is MeshCNN [85], a Convolutional Neu-
ral Network specifically designed for meshes. It is known that CNN struc-
tures work very successfully on 2D images, where the pixels are in an ordered
grid structure. The issue of mesh irregularity has been resolved by Hancock
et al. [85], on which previously CNNs were not applicable, by treating the
edges as pixels, for which they have designed a convolution and pooling op-
erator. In their work, they mention that pooling downsamples the number
of features in the network by eliminating less informative features. Com-

pared to the other two methods mentioned [62], [61], this algorithm takes
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input edge features instead of face features, namely the two edge-length ra-
tios, the dihedral angle, and the two inner angles for each face. The method
could reach 98.6% classification accuracy on the SHREC 30 dataset. The final
deep learning method is called SubdivNet [87], which takes as input closed
2-manifold triangle meshes with subdivision sequence connectivity, extracts
a 13-dimensional vector (7-d shape descriptor: the face area, the three inte-
rior angles of the triangle, and the inner products of the face normal with the
three vertex normals; 6-d pose descriptor: position of the face center and the
face normal). They have designed a mesh convolution operator that can sup-
port variable kernel size, dilation, and stride, just as in the image domain,
as well as a mesh pooling and upsampling operator. This is important be-
cause the preserved feature vectors can be introduced in successful 2D CNN
algorithms such as ResNet50 [88] or Deeplab [89]. The advantage of both
MeshCNN and SubdivNet is that they work with relative features, making
them invariant to rotation, translation, and uniform scaling [85]. The above-
presented deep learning algorithms are mainly supervision-based, meaning

their database has labels assigned to the objects in question.

2.3.4 3D shape classification

Li et al. [15] have analysed the shape and size of the female torso to classify
the upper body in different categories. As they have described, this classifi-
cation is necessary to improve the design and fit of clothing products. They
have taken anthropometric measurements from a large-scale anthropometric
survey, to which they have applied Principal component analysis to iden-
tify the most important size-related variables. They have also used 3D body
scans of the same subjects and performed 3D Principal component analy-

sis, from which they could also point out that the height, similarly to the 1D
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PCA, is the highest influential component throughout the data and that it
should be neglected in geometric shape analysis. In their findings, they have
shown proof of the existence of 9 shape categories that are mainly influenced
by two shape-related and one size-related factor. As a part of their method-
ology, they have computed a mean 3D shape for each of the categories. In
the presented paper, they did not take the body height as an anthropomet-
rical variable in their study, as this variable is shown to be influential for
sizing; therefore, it is only relevant for defining product sizing and not for
shape analysis. They also proved that the lower rank chosen Principal Com-
ponents are related to the true shape difference. They have also concluded
that geometric morphometry has a weak correlation to traditional anthropo-
metric measurements and that it would be useful to relate the achieved body

classification to these measurements.

2.3.5 Principal Component analysis (PCA)

When a 3D scan is finished (processed), the resulting surface is a triangu-
lated mesh that has point-to-point correspondence [90]. Still, it has a very
dense vertex representation, above 10000 points, which means that compar-
ing and aligning two scans in the Euclidean space would be computationally
expensive and shape analysis cannot be directly applied [28], therefore many
3D surface anthropometrical studies [28], [90]-[96] applied Principal Compo-
nent Analysis (PCA) to reduce the dimensionality and complexity of the data
and to extract dominant components of shape. The author of [28] mentioned
that one of the biggest challenges in ”Applying PCA to 3D anthropometric
data is to bring all the models in correspondence to each other”; the impor-
tance of aligning the 3D body scans before performing a PCA is also men-

tioned in [90]. Corresponding to each other means that every 3D shape has
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to have the same number of points, and every point in one shape has to have
a matching point in another shape. In [28], they achieved this correspon-
dence by transforming the 3D mesh to a voxel-based volumetric representa-
tion with fixed dimensions, calculating the distance between the voxel and
its nearest point on the body surface, and comparing these distances between
the 3D body models. In [90], to align the body scans, they have performed
a Generalized Procrustes Analysis (GPA), which consists of the creation of
a mean shape to which all scans are aligned iteratively until they converge.
The authors of [92] have shown evidence that by segmenting the body parts
and performing PCA on them separately, the variation becomes higher than
in the case of the full body. For example, they performed a PCA on the leg
and the first principal component described the variation of the leg’s height,
the next four principal components described the straightness of the leg, the
pose along the left-right direction, the bending extent, and the scale of the

leg.

2.3.6 Unsupervised Classification methods

Clustering analysis is an unsupervised learning method [97] that partitions
the data without the existence of labels [98], and it aims to discover latent
knowledge of the data [99]. The existing clustering algorithms fall into dif-
ferent categories: partitioning, density-based, hierarchical, graph-based [99].
These algorithms aim to group data with similar characteristics [98] and to
achieve higher intra-cluster and lower inter-cluster similarities. These data
are usually multidimensional, and they are classified based on a predefined
similarity criterion [97]. It can also be a goal to project the multidimensional
data in a lower space in 2D or 3D with the purpose of visualization of the

clusters [100].



42 Chapter 2. Background and Literature Review

K-means clustering

The K-means clustering is a widely used and acknowledged clustering algo-
rithm [98], [101], that falls into the partitioning category [97]. The objective of
this clustering method is to partition the given dataset into k distinct groups,
k being defined by the user. Each cluster is represented by a mean value,
also known as the centroid [99]. It clusters data into groups with equal vari-
ance by minimizing inertia or within-cluster sum-of-squares [100]. Each data
point is assigned to the closest centroid, using the Euclidean distance most
of the time as a similarity metric [102]. It is considered an efficient and eas-
ily implementable algorithm with low computational complexity [98]. One
of the limitations of the K-means algorithm is that it needs the number of
clusters to be defined by the user, which is a difficult task, especially with
large datasets and it also tends to be sensitive to defining the cluster cen-
ters, because the initial centers are often randomly assigned [98], causing a
large number of iterations and often a convergence to a local minima [99],
instead of global minima. It is designed to handle convex-shaped, compact,
and well-separated data [99], and for this reason, it does not handle well
overlapping clusters [98]. It is also known to be influenced by outliers [99].
To improve the performance of the K-means algorithm, Fahim et al. [99] sug-
gested using DBSCAN clustering, which could be a preprocessing step for
K-means, as this algorithm does not require the initial definition of the clus-
ter numbers, finding the center of groups with very high density. Ghazal et
al. [102] state that the distance metrics used to calculate data similarities play
an essential role in the improvement of the algorithm. They suggest that, be-
sides the often-used Euclidean distance, the user could experiment with the

Manhattan distance and Minkowski distance.
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DB SCAN clustering

The Density-Based Spatial Clustering of Applications with Noise (DBSCAN),
just as its name says, is a density-based clustering technique, and it is a
widely popular algorithm [103]. It is based on the idea that a cluster is a re-
gion in a data-space with a very high density of data, separated by a sparser
region [104]. This algorithm can identify arbitrarily shaped clusters (unlike
K-means or hierarchical clustering [104]), and it can identify noise data as
well [105]. One of the key advantages of DBSCAN is that there is no need
to pre-define the number of clusters; the number of clusters is based on the
density structure of the data and other parameters of the algorithm [106].
The two main parameters that DBSCAN relies on are the Epsilon (¢), which
defines the maximum radius of a neighborhood around a point [106] and
MinPts, which defines the minimum number of data points that need to be
identified in order to form a cluster. Bushra et al. [104] and Al-Batah et al.
[103] state that a distance less than or equal to € is considered a neighbor-
hood. It is therefore crucial to correctly determine the value of €, because if
it is too large, then it would merge multiple clusters, and on the contrary,
if it is too small, it would identify too many data points as outliers [103].
According to Bushra et al. [104], one of the limitations of the DBSCAN algo-
rithm is handling high-dimensional complex data, especially when the data
is sparse, referring to this problem as "curse of dimensionality". Singh et al.
[106] highlight that in case the clusters are of varying density, the algorithm
has a hard time finding the correct clusters, as it works best when the clusters

are equally dense.
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Spectral Clustering

Spectral clustering is a graph theory-based method for partitioning data, es-
pecially effective for non-convex structures [107]. It has become one of the
most popular clustering algorithms because it outperforms traditional clus-
tering algorithms, such as K-means [108].

Each data point is represented as a vertex in the graph, and the weight of
each connecting edge represents the similarity between the points [107]. As
Ding et al. [107] describe, the objective of spectral clustering is to divide the
graph into sub-graphs in a way that the within-subgroup connections should
be maximized and the between-subgroup connections should be minimized,
and that the group of points within each sub-graph constitutes a cluster. The
process of implementing spectral clustering involves several key steps, and

these key steps are described in the studies of von Luxburg [109] [110]:

* Construction of the similarity graph where each data point is repre-
sented as a node in a graph, and the edges between nodes represent the
similarity between the corresponding data points.

e Computation of the Laplacian matrix, which is a matrix that captures
the relationship between the nodes in the graph

* Computation of the eigenvectors and eigenvalues of the Laplacian ma-
trix.

* Selection of a subset of the eigenvectors corresponding to the smallest
eigenvalues, which are called "spectral components".

* Application of a clustering algorithm, such as K-means, to the data

points based on their spectral components.

Construction of the similarity graph One important step before imple-

menting the spectral clustering algorithm is to compute the similarity graph.
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According to Benkaouz et al. [111], a K-nearest neighbors algorithm pro-
vides each data point with its k most similar data points, defined by a sim-
ilarity metric, building a KNN graph where each node is connected with a
weighted edge to its k most similar nodes. Von Luxburg [109] states that the
main goal of the similarity graph is to construct a model of the local neigh-
borhood relationships between the data points. Spectral clustering can be
sensitive to changes in the similarity graph and to the choice of its parame-
ters. Initializing the parameters of the similarity matrix is a great challenge
and there has not been yet identified a sure method, that would give the best

results without any trial.

Choice of Laplacian matrix The second step of spectral clustering is the
computation of the Laplacian matrix, using as input the weighted adjacency
matrix. There have been many discussions on the topic of choosing an unnor-
malized or a normalized Laplacian matrix to compute the eigen components
in the papers of [112], and [113], who presented algorithms for normalized
spectral clustering and [109], who provides a tutorial for the two previous
methods and also presents the concept of unnormalized spectral clustering.
Von Luxburg, in [110], concluded that the normalized clustering algorithm
should be a preferred method in practical applications. She also mentions in
[109] that the Random Walk Laplacian matrix has more advantages when it
comes to defining clusters.

The basic idea behind spectral clustering is to use the eigenvectors of the
graph Laplacian matrix to embed the data points into a lower-dimensional
space, where they can be clustered using a standard clustering algorithm,

such as K-means.
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Cluster quality evaluation

Spectral clustering is sensitive to initiation, meaning that there are several
elements in the algorithm that need to be decided before obtaining a final
data partition. It involves the computation of the similarity matrix and the
Laplacian matrix, which also involves the calculation of the eigenvalues and
eigenvectors, and finally, the application of a K-means clustering algorithm
on a spectral embedding. The number of neighbors used to determine the
connectivity of the similarity graph and the number of clusters that create
homogeneous groups are hard to determine and represent a difficult choice,
as scientists have not yet found a logical interaction between the two [109]. To
find the correct parameters, performance evaluation metrics could be used to
determine the clustering quality at specific values of neighbors and clusters.
One way to evaluate the performance of spectral clustering is to use cluster
validity indices, which are quantitative measures used to assess cluster com-
pactness, separation, or cluster stability. Many existing methods could be
applied to spectral clustering to determine the optimal number of clusters.
According to Rousseeuw [114], the Silhouette is a graphical representation
of the predicted clusters by a classification algorithm, based on the compar-
ison of the tightness and separation of each cluster. In his paper, he proves
that this partitioning technique is able to show which object lies well within
their cluster and which ones are between clusters. He also mentions that the
average silhouette score could be used to select an accurate number of clus-
ters. Rousseeuw points out that to construct the silhouettes, two things are
needed: the partition, determined by the clustering algorithm, and the col-
lection of all proximities between objects (ex, in the Euclidean space).
Another promising cluster separation measure was proposed by David L.

Davies and Donald W. Bouldin [115] who used an index to evaluate the
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quality of clustering results. This clustering solution is based on the within-
cluster similarity and between-cluster dissimilarity, computed by calculating
the ratio of the sum of distances between each cluster’s centroid and the clos-
est cluster’s centroid, to the average distance between each point in a cluster
and its centroid. As stated by these two researchers, the minimization of this
parameter could indicate the natural partition of the data sets. The index
ranges from 0 to infinity, where 0 signifies a perfect partition of data, and the
higher this number gets, the worse the clustering results are.

The third method that we have reviewed with the purpose of determining
the optimal number of clusters is based on the Cluster Quality Index (CQI)
introduced by T. Calinski and J. Harabasz [116]. The CQI is calculated as a
ratio of the between-cluster variance to the within-cluster variance, and the
optimal number of clusters is given at the maximum value of the CQI within
a range of k

The study of von Luxburg [109] presents the eigen gap heuristic tool, which is
specifically designed to determine the number of clusters in spectral cluster-
ing. The idea behind the eigen gap is to plot the smallest eigenvalues defined
by the Laplacian matrix and look for the point where there is a significant gap
between adjacent eigenvalues.

The Elbow method is an evaluation method that is used to detect the opti-
mal number of clusters, based on the observation that increasing the number
of clusters reduces the sum of within-cluster variance of each cluster, as ex-
plained in [117]. The optimal number of clusters is chosen at the elbow point
(the turning point on the curve), as increasing the number of clusters beyond

this point does not improve the clustering results.

Ensemble feature learning Classic ensemble learning methods directly use

the labels obtained from different clustering of the same data to obtain a more
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robust classification, but this way they neglect the intrinsic data structures
that, for example, a Laplacian matrix could exploit. Li et al. [118] have in-
troduced a new ensemble learning method that is applicable in the case of
Spectral clustering. The key idea behind ELSC is the implicit combination of
the Laplacian graphs obtained from base spectral clustering algorithms. The
input in this algorithm, therefore, will be the n Laplacian matrices that will be
summed to form a consensus Laplacian matrix from which a final consensus

embedding could be calculated and used as input for K-means.
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FIGURE 2.7: Ensamble learning for spectral clustering[118]

2.3.7 Deep clustering

Deep clustering is a type of unsupervised learning method that leverages
deep neural networks to group data in distinct clusters without the need
for ground truth labels, often transforming higher-dimensional data into a
low-dimensional representation or feature space [119]. Wei et al. [120] de-
fined deep clustering as an enhancement of traditional clustering analysis,

through which one can acquire a high-level feature representation of data by
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autonomously learning a feature representation, capturing data structures

more effectively.

Deep Neural Network-based clustering Deep Neural Networks are fun-

damental neural network models that typically comprise an input layer, a

hidden layer, and an output layer, and they can take various forms, like

Fully connected Neural Networks, Convolutional neural networks, Deep Be-

lief Networks, or Residual Networks [120].

Input Data -

Hidden
Layer

X — Clustering

Latent Representation

FIGURE 2.8: General framework of DNN-based clustering as
presented by Wei et al. [120]

Autoencoder based clustering An Autoencoder architecture comprises an

encoder layer, an embedding layer or bottleneck space, and a decoder layer,

and it works by mapping the input layer into a latent space, a lower-dimensional

form of the data, and by reconstructing the extracted features into the origi-

nal data form [120].
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{
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FIGURE 2.9: General framework of AE-based clustering as pre-
sented by Wei et al. [120]
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Explainable AI Inmedical diagnosis and process optimization, the explain-
ability and transparency of deep neural networks are crucial [121]. The au-
thor of this study specifies that the output of such a network can not be ex-
plained in any way. In [122], it is stated that the complexity of neural net-
works prevents users from finding a reasonable explanation for a prediction.
The concept of explainable artificial intelligence was first introduced in 2015
by DARPA [123], and the goal of this project was to create new learning tech-
niques that allow users to understand and trust Al systems. The user of such
models needs to understand the logic that the Al system follows to give a
prediction. The notion of black-box arises in the context of artificial intelli-
gence because, as users, we can observe the input that goes into the algorithm
of a neural network, and we can also observe the output, called a prediction,
but whatever happens between these two layers is unknown to both the end
user and the developer. Explainable Al in the context of Convolutional Neu-
ral Networks has already been introduced, but this concept is still not widely
adopted. There are two main categories of XAI methods used in CNNs: one
that interprets the decision of the CNN and the other that interprets the ar-
chitecture of such an algorithm [124]. In the first case, the XAI highlights
those parts of the input that led to the decision; in the second case, the XAI

analyzes the behavior of the network layers.

Anomaly detection Anomaly detection is a critical part of machine learn-
ing which focuses on the detection of data samples that are unusual or abnor-
mal [125] and it is a widely applied method in different scientific sectors such
as industrial process monitoring [125], [126], [127], failure prevention [128],
fraud detection [129], [130], medical diagnosis on image data [131], secu-
rity screening [132], network intrusion detection [133], detection of unusual

device activity in IoT [134], [135]. Anomaly detection encompasses a wide



2.3. 3D shape analysis and classification 51

range of methods from classical machine learning techniques to modern,
deep learning based methods. From the classical methods used for anomaly
detection, we can enlist the Support Vector Data Description (SVDD) and
One-Class Support Vector Machines (OCSVM), which use a hypersphere or
hyperplane, or decision boundary to enclose a dataset, identifying as anoma-
lous all the samples that fall out of this range. These are methods that are
most used in anomaly detection [135], but they require a significant memory
usage and are computationally expensive when the datasets are large and
complex [126]. Accurate models with complex decision boundaries that need
large sets of real data often fall short due to memory usage. Isolation Forest
(IF) is another classical, very popular approach to anomaly detection, based
on which anomalies are considered as a few data points with distinct features
that are easy to isolate. They can fail in detecting hard anomalies in data that
are high-dimensional and non-linearly separable, which is an issue that con-
tributes to false anomaly assignment [130]. Researchers have proposed vari-
ous improvements to these classical anomaly detection methods. Zhang et al.
[125] proposed an improved version of SVDD by integrating a deep feature
extraction, preserving the structure of the data (Deep Structure Preservation
SVDD). For an effective feature extraction, they enhanced the optimization
process by simultaneously considering both the hypersphere volume mini-
mization and the network reconstruction error minimization. Their exper-
imental results show a better anomaly detection performance compared to
other deep SVDD approaches.

Pang et al [127] proposed a hybrid algorithm that incorporates vector
quantization in a one-class support vector machine (VQ-OCSVM), which ex-
tracts the normal data distribution and maps it in a higher-dimensional fea-

ture space, where the OCSVM builds the classifier. With this method, they
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can avoid the kernel parameter selection problem present in the classical ver-
sion. In the case of complex data distribution, their method has a better gen-
eralization capacity due to the integration of generative and discriminative
learning. Yang et al. [134] improved the abilities of OCSVM by combining it
with Nystrom and Gaussian mixture models that speed up prediction time,
conserving the detection accuracy. Qiao et al. [135] improved the quarter-
sphere-based OCSVM and combined it with a Deep Belief Network (DBN-
IQSSVM) to process high-dimensional sensing data in an unsupervised man-
ner and detect anomalies. Instead of training OCSVM traditionally, they in-
troduce the idea of finding a Boundary Support Vector (BSV) during training,
which makes their process computationally efficient and achieves higher ac-
curacy than DBN-SOCSVM.

Xu et al [130] propose a deep Isolation Forest model that integrates causally
initialized neural networks that can map the original data in a new random
representation form, enabling a versatile data partition with more effective
isolation of anomalies, outperforming state-of-the-art methods.

Zhang et al. [126] proposed a Memory augmented Adversal Autoen-
coder with a CNN-Transformer (CTMAANet), using the advantage of the
last two for a richer feature extraction, maintaining intermediate features by
suppressing the generalization, and defining anomalies with both the recon-
structed image and its feature space. Their method outperformed the already

existing CNN-based adversarial machine learning models.

Anomaly detection for 3D data For fine-grain geometry discrimination, 3D
anomaly detection is crucial [136]. One of the challenges in this field is the
lack of real-world 3D anomalous data, which hinders the development of 3D

AD models [137]. There are only a few methods that leverage the potential of
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3D information in anomaly detection, even though 3D understanding is fun-
damental to computer vision [138]. In the field of unsupervised anomaly de-
tection, there are two main approaches: reconstruction-based methods and
representation-based methods. The reconstruction-based methods aim to
learn the underlying patterns and distribution of normal data, without the
presence of anomalies. In the case of Autoencoder-based methods, which
try to reconstruct the input object, the models learn the normal patterns, and
when the object presents anomalies, the model will struggle to reconstruct it,
leading to a higher reconstruction error [139]. IMRNet [136], proposed by Li
et al., is a novel 3D point-cloud anomaly detection method with a Geometry-
aware Point-cloud Sample module able to extract anomaly points. EasyNet
[140] is an encoder-decoder architecture developed for 3D depth map recon-
struction. Representation-based methods extract latent representations from
3D meshes using the encoder layer of an autoencoder architecture. A com-
mon technique is to build a memory bank that stores the latent features ex-
tracted from normal 3D mesh surfaces. Horowitz et al. [138] investigated
the role of 3D information in anomaly detection and segmentation, identify-
ing the rotation invariance as a key feature for a successful outcome. They
proposed Back to the Feature (BTF), a method that combines classical, hand-
crafted, rotation-invariant 3D features (FPFH) with deep, color-based fea-
tures (PatchCore) and achieved a ROCAUC of 99.3%, outperforming previ-

ous state of the art.

2.4 Contributions

Motivated by the limitations of the existing MCS sizing systems found in the
state-of-the-art, which detail the lack of integration of shape-specific details

in the design of Compression Stockings, this thesis proposes new approaches
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to improve shape and size classification of human legs, thereby enhancing
product design for the industry of MCS. The key contributions of this work

are as follows:

1. Anovel unsupervised anomaly detection framework (MeshDeepSVDD),
that integrates the Fully Convolutional Mesh Autoencoder (FCMA) with
DeepSVDD for 3D mesh processing, outperforming the current state-of-

the-art 3D anomaly detection models in the MulSen-AD dataset.

2. An anatomy-specific intrinsic 3D shape descriptor database and a topo-
logically invariant leg mesh database, which are simplified and non-
complex representations of the human leg, overcoming the complex na-

ture of 3D data, usable for deep learning tasks.

3. Anew framework for product design that answers the limitations of cur-
rent product sizing methods, proposing a sizing logic for different leg
categories, based on which a recommendation tool could direct the user
to adapt a parametric leg to the optimal size and shape, unlocking the
possibility of 3D compression stocking design with a graduated pressure

configuration, adapted to 3D morphology of the patient.
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Chapter 3

Exploration of Lower Limb
Morphological Classes Using
Classical Unsupervised Techniques

Across Multiple Shape Descriptors

3.1 Introduction

The structure of the human body has been studied since the ancient times,
body types have been first introduced by the Greek Hippocrates around 400
B.C., Leonardo da Vinci created anatomical sketches of the human body in
the renaissance period, contributing to the anatomical knowledge, Andreas
Vesalius (16th century) is considered as the scientist who raised anatomy
from “facts and fiction to an exact science” [141]. Both of the latter con-
tributed to the profound understanding of human anatomy, including the
outer silhouette. Sheldon et al. [142] classified the human form into three
morphotypes: mesomorph, endomorph, and ectomorph. Anthropometry
has always been the tool of scientists to quantify the shape and size of the

body. To replace manual measurement tools such as tapes and calipers, with
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which taking measurements took a longer time and less precision, 3D scan-
ners have been introduced, which can take hundreds of anthropometric mea-
sures in seconds, with a higher precision than ever. Since then, 3D surface
anthropometry has become the most common methodology to study the ge-
ometry and morphology of external human body tissues [143].

3D scanning technology has revolutionized anthropometric studies [144], be-
cause it allows, on the first hand, the automatic and immediate collection
of predefined body measurements in a precise and effective way, reducing
the possibility of human error and maintaining repeatability. On the other
hand, it also allows for the collection of the 3D geometry of the human body
in a way that the shape could be studied thoroughly. The technology of 3D
scanning has evolved to a point where the post-processing operations, taking
up a great amount of time, have been reduced and automated [64], remov-
ing the need for noise treatment and mesh cleanup; therefore, collecting 3D
body models became a straightforward task. Nevertheless, these technolo-
gies allow the automatic collection of a large variety of data types [65] such
as 3D models, 3D body landmarks, and anthropometric sections that can eas-
ily contribute to the geometric learning of morphological descriptors.

In this chapter, we are going to present the work related to our first research
objective, which concentrates on the development and evaluation of exist-
ing unsupervised learning models with the purpose of extracting significant
morphological groups. We present hereby 3 types of shape descriptors; one
developed from simple anthropometric measurements of the lower limb, that
the state-of-the-art entitles as 1D data or 1D shape descriptor; one developed
from a volumetric 2D representation of circumferential measurements and
their corresponding heights and finally a more complex 3D shape descriptor,
that evokes certain anatomical concepts and landmarks of the lower limb, all

used to identify rules in certain morphological groups and help us explain



3.2. Background and Literature Review 57

why certain geometries go in specific clusters. The results in this chapter help
us understand the variability of the human leg and highlight the need for the

development of a more inclusive sizing system for compression products.

3.2 Background and Literature Review

A broadly adapted solution for 3D surface analysis is PCA, which is a type of
linear manifold learning method considered to be an extrinsic shape descrip-
tor, as for the correct comparison of 3D shapes, they have to be embedded
in the Euclidean space to avoid position, rotation, and scale sensitivity [74].
Ben et al. [28] mentioned that one of the biggest challenges in ”"Applying
PCA to 3D anthropometric data is to bring all the models in correspondence
to each other”; the importance of aligning the 3D body scans before perform-
ing a PCA is also mentioned in [90]. Corresponding to each other means that
every 3D shape has to have the same number of points, and every point in
one shape has to have a matching point in another shape. Numerous 3D sur-
face anthropometrical studies [28], [90]-[96] applied this method to reduce
the dimensionality and complexity of the data and to extract dominant com-
ponents of shape. This statistical technique is used to simplify data with-
out losing the most important variational information and to find patterns
or structure in a given dataset. By identifying the dominant variables in each
principal component, we can tell how much each variable influences the total
variation in the lower-dimensional space. For instance, Azouz et al. [145] in
their 3D male body shape analysis have identified that weight is the first and
most varying component, accounting for 33.86% of the total variations, while
the posture is the second most variable factor, representing 15.11% of the to-
tal variations. This analysis made it possible to cluster their data into three

groups, which they have compared to Sheldon’s mesomorph, ectomorph,
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and endomorph body shapes, but in a more quantitative manner. Xi et al.
[92] proved that body segmentation followed by PCA can give more reliable
results, and described that in the case of the leg, the first and most variable
component was the leg height, followed by the straightness of the leg, pose
along left and right directions, bending extent, and the scale of the leg. An-
other study that used PCA for female torso classification was conducted by
Li et al. [27] also basing their analysis on the first five principal components.
Hamad et al. [68] used 3D shape descriptors in the form of geodesic dis-
tances between anthropometric landmarks on the female torso and identified
3 main body morphologies through a two-level clustering procedure, where
they have combined the power of Self Organizing Maps and K-means. An in-
teresting classification approach was presented by Liu et al. [146], who used
3 shape describing parameters according to which the shape of the leg of a
Chinese population can be categorized into three lower leg shapes and two

upper thigh shapes.

3.3 Definition and extraction of morphological shape
descriptors

The main objective of this chapter is to evaluate the lower limb from an an-
thropometric point of view. In this study, we have conducted two 3D anthro-

pometric measurement campaigns with two different 3D body scanners.

3.3.1 Data acquisition and post-processing

First measurement campaign The first measurement campaign was con-

ducted with the Size Stream S520, a 3D body scanner that uses infrared
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depth sensors, with a non-radiant technology as the emitted infrared is low-
intensity. The precision of this scanner is +/- 5mm circumferential accuracy.
Data has been collected in conformity with the General Data Protection Reg-
ulation [147]. In this first measurement campaign, we have collected 127 3D
body scans of 85 women and 49 men, aged between 18 and 65. One of the
disadvantages of this scanner was that, although it allowed automatic mea-
surement of 240 body measurements, it did not allow either the extraction of
anthropometric points (as the precision does not allow the detection of phys-
ical markers) or the measurement of multiple leg heights and circumferences.
As in this study, we wanted to precisely measure multiple leg circumferences,
as it has been described in multiple scientific sources for Lymphoedema as-
sessment, we needed to develop a method that allowed us to collect 17 cir-
cumferential measurements on the length of the leg in CAD software. We
defined the length of the leg as the distance between the lateral malleolus
and the crotch point. As both of these points are relatively easy to detect
with an approaching flat 3D surface, we could ensure the reliability and ac-
curacy of our method. Figure 3.1 shows the 17 circumferential measurements
and the corresponding segment height, calculated by dividing the length of

the leg into 16 equal segments.

Second measurement campaign A second measurement campaign has been
conducted in our research facility during which we have collected 3D human
scans of 131 subjects, 74 of which are women (precisely 64 under 30 and 10
above the age of 30) and 57 men (50 under 30 and 7 above the age of 30).
The position of the body is in a standard anthropometric standing position.
The subjects have been asked to place 3D stickers on 10 anthropometric bony

landmarks on their left legs. They have been instructed to palpate the bone



Chapter 3. Exploration of Lower Limb Morphological Classes Using
60
Classical Unsupervised Techniques Across Multiple Shape Descriptors

CO - lateral malleolus

C4 - ankle at smallest circumference
C12 - brachial

C24 - calf

C36 - knee

C44 - lower thigh

C60 - upper thigh

C64 - crotch

leg length

segment height
= |leg length/16

FIGURE 3.1: Circumference collection protocol, developed in
CAD system. The segment height is equal to 1/16 of the leg
length.

prominences of the following anthropometric landmarks, which are also il-
lustrated in Figure 3.2.: Ilium, Anterior Superior Iliac Spine (ASIS), Great
Trochanter, Popliteal Fossa (fat pad), Lateral Epicondyle, Patella (kneecap),
Medial Epicondyle, Tibial Tuberosity, Lateral Malleolus (outer ankle bone),
Medial Malleolus (inner ankle bone). This operation was necessary as the
body scanner (VITUSbodyscan®) with a precision of +/- Imm can detect the
3D stickers placed on the landmarks, therefore facilitating the data collection.

Using the 10 anthropometric landmarks, we were able to automatically
collect the 17 circumferential measurements along the leg length, we could
determine a variation of the Q-angle (angle measured between the planes de-
termined by the ASIS — Patella and Patella — Tibial Tuberosity) and the angle
recurvatum (angle measured between the planes determined by the Great
Trochanter — Lateral Epicondyle and Lateral Epicondyle — Lateral Malleolus.
These two angles are not measured in the same way as clinically determined

(with a standing position where the legs are straight), as in our case, the legs
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FIGURE 3.2: Anthropometric soft tissue landmarks on the leg:

1) Ilium, 2) ASIS, 3) Great Trochanter, 4) Popliteal Fossa, 5)

Lateral Epicondyle, 6) Patella, 7) Medial Epicondyle, 8) Tibial
Tuberosity, 9) Lateral Malleolus, 10) Medial Malleolus

1

O
o
(A) Q-angle measured between the plane (B) Recurvatum angle between the plane
described by the ASIS and Patella and the by the Great Trochanter and Lateral Epi-
plane described by the Patella and Tibial condyle and the plane by the Lateral Epi-
Tuberosity condyle and Lateral Malleolus

FIGURE 3.3: Lower Limb angles

are slightly spread, which results in a slightly different angle in comparison
to a straight-legged posture. The Q angle, visible in Figure 3.3a, was taken
into consideration because it can provide shape-related information, for ex-
ample, detecting conditions such as bowed leg or knocked knee [146], [148].
The recurvatum angle is visible in Figure 3.3b, and it is considered for the
same reason as the Q-angle.

Even if the clinical methods of measuring these two angles differ from
our method, it can be viewed as reliable, as all subjects have been instructed
to stand in the same position, placing the landmarks on their legs with high

attention, and the measurements have been taken precisely by the software.
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Other measurements the software took were the length of the femur, deter-
mined by the distance between the Great Trochanter and the Lateral Epi-
condyle, and the length of the tibia, determined by the distance between the
Tibial Tuberosity and the medial malleolus. These two measurements pro-
vide us with proportion-related information. As the software is capable of
automatically determining the position of the crotch, gluteal fold, and calf,
we were able to take into consideration these anthropometric landmarks as
well. In addition, we have programmed the software to detect the extreme
points of each circumference in X+/- and Z+/- directions. We took the XYZ
Cartesian coordinates of all the above-mentioned points and used them in

future analysis.

3.3.2 Morphological shape descriptors

Shape descriptors are simplified representations of the 3D objects that con-
tain geometric and topological characteristics of their shape and make the
processing easier, at the same time allowing comparability among different
3D shapes [63]. A good shape descriptor has to have high discriminative
properties to be applicable in clustering algorithms that aim to group sim-
ilar 3D objects. In the following section, we will present 3 types of shape

descriptors.

1D shape descriptor

Generally, in sizing studies, a classic way of defining shape is through Princi-
pal Component Analysis, which is applied to anthropometric measurements
taken by either manual measurements or, more recently, by 3D body scan-
ners. PCA can identify the most variable components within the database,

and usually it is accompanied by a clustering analysis that identifies size
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groups where the population of each cluster is showing high inter- and low

intra-cluster similarities.

2D shape descriptor

The dataset is composed of 258 2D curves describing the volumetric growth
of the lower limb at equal distances taken from the ankle until the crotch,
representing the circumferential evolution of the leg through the 15 mea-
surements between C4 and C60 illustrated in Figure3.1. A single curve is

represented as:

{(x1,y1), (x2,92), -+ (x16,Y16) }

where x; € R and y; € R denote the coordinates of the it" point along the

curve, and i = 1, ...,15. The full dataset can be expressed as two matrices:

e X € RV*1: each row containing the x coordinates (equidistant heights

in mm) for one curve.

e Y € RVX15: each row containing the corresponding y coordinates (cir-

cumferences in mm) for the same curve.

Where N is the total number of curves, here 258.
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FIGURE 3.4: Visualisation of the 2D shape descriptor database

in the original form, representing the curve evolutions of 258

subjects from C4 (ankle at the smallest girth and C60 (upper
thigh

As can be visualized in Figure 3.4, the subjects in our database have different
leg heights, which makes it difficult to compare them statistically. In order
to render all the legs to the same height, it was necessary to normalize these
curves to a mean height value, which in our case is target leg length = 701.25
mm. To normalize the curve database, we have applied a row-wise uniform
scaling transformation to the above-described descriptors, using a fixed ref-
erence point. Given the input matrices X,Y € RV*1> and a vector of scale

factors, the transformation is defined as:

X=xp+(x—xp)s, Y=yt y—ys) s (3.1)

Where:
* (x7,yf) = (0,0) is the fixed reference point in the origin,
* (x,y) are the original coordinates of a point on the curve

* s is the row specific scaling factor calculated with equation (3.2)
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e (x',y’) are the scaled coordinates

target leg length

- original leg length (3.2)

This transformation corresponds to a uniform scaling centered at a fixed
point at the origin of the coordinate system, in this case, but the fixed point
could be set at the ankle as well, a case which will be presented in Chapter
5. This approach is similar to the typical matrix-based scaling generally used
in computer graphics, presented in [149], where they describe the following

3 operations that need to be performed in case of a fixed-point scaling:
¢ Translate the fixed point to the origin (T1)
¢ Scale the 2D object with respect to the origin (S)
¢ Translate the fixed point to its original position (T2)

This way, the transformation matrix will be given by the following equation:
M=T,-5-T

In matrix form, this will look like:

10 Xf s 00 10 —Xf
M=10 1 yy 0 s 0 01 —yy
0 0 1 0 01 00 1
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The next step is to apply this transformation matrix to a point, we get:

x! s 0 (1—s)xf
vy =10 s (1- s)yf y
1 00 1 1

Which simplifies to:
X' =sx+(1=s)xp, y =sy+(1-s)yy
Giving our applied formula:

X=xp+(x—xp)s, Y=yt y—ys)s

This fixed point transformation is particularly important in the development
of the adaptive morphotype, presented in Chapter 6.

Figure 3.5a illustrates the above-described transformation in the case of the
shortest and longest leg in the database. As it could be observed, normaliz-
ing a shorter leg to an average length will increase the circumferential val-
ues, contrary to the longer leg’s circumferences, which will become smaller,
while maintaining proportionality and shape. The resulting normalized 2D

descriptors can be visualised in Figure 3.5.

Normalized Data (Shortest and Longest leg subjects) Normalized Data

(A) Example of the shortest and longest (B) Visualisation of the normalized 2D
leg circumference evolution before and shape descriptor database with an aver-
after normalization age leg length of 701.25 mm.

FIGURE 3.5: Lower Limb angles
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In the case of the 2D shape descriptor, we are interested in finding groups
of legs that have similar circumferential evolution along the leg. To do that,
we are opting to minimize the distances between these curves in a way that
we wouldn’t change the shape of the curve. For this, we have chosen an
approach that superposes the first point (C4) of all the curves, translating it to
0 so that the rest of the values follow with the same transformation. For this
we represent our data as a matrix A € R**!>, where each row corresponds to
a pair (x;,y;). To align each row such that the first component x; is translated

to a fixed target value t € R, we define the translation operation:

T(A)l/] = Ai,j — Ai,O +t, forie {O, .. .,14}, ] S {0,1}

Here, A;( denotes the first component x; of the i-th pair. The result is a
new matrix A" = T(A), where each row is translated such that its first entry
equals the target value t, while preserving the relative offset between com-
ponents:

Al = (ty,—xt+1)

This affine transformation is a type of data alignment that preserves the in-
ternal structure of the curves by applying a shift to the data [150]. For the

entire dataset, this transformation can be seen in Figure 3.6.
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Normalized,translated data
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FIGURE 3.6: Visualisation of the 2D shape descriptor database
translated in 0 at the ankle while preserving the relative offset
of the curve

3D shape descriptor

Our challenge was to find a way to capture the shape differences of the leg
using more than circumferential measurements. Our idea was to take lon-
gitudinal projections in different areas of the leg instead of cross sections.
One of the challenges in doing so was to create a projectable polygon frame
in a CAD software called DesignConcept 3D from Lectra, in which we can
import one-by-one each scan, as well as the XYZ coordinates of the anthro-
pometric points collected from Anthroscan®, and the frame would automat-
ically adapt to the properties of the currently studied leg. In this section,
the above-mentioned projection frame will be described, and the obtention
of the output data from this software will be discussed. Figure 3.7a illus-
trates the 16 anthropometric points recovered from Anthroscan. The position
of these points is manipulated with an Excel file that is linked to the prede-
fined parameters of the Cartesian points in DC3D, meaning that if the subject
changes, the position of the points changes as well. Figure 3.7b illustrates the

extreme points on the 15 cross sections (17- crotch and ankle) in X+/- and
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(A) Anthropometric landmarks exported (B) Extreme points in X+/- and Z+/-
from Antroscan® imported in Design- direction on the 15 circumferences con-
Concept® 3D nected by a spline

FIGURE 3.7: Transfer of the Anthroscan landmarks in a CAD
software

Z+ /- direction. This figure also illustrates that if we connect longitudinally
these points on the four sides of the leg, we can visualize a wavy display of
the respective lines.

We wanted to achieve a level of linearity when we connected these points.
Therefore, we chose four anthropometric points on each side of the leg and
connected each adjacent point with a straight line. The goal was to align
the extreme points that fall between two adjacent landmarks in Figure 3.8
following the rule of linear interpolation between two known points. We
import the x, y, or z coordinates of the original extreme point (depending
on which side of the leg the point is situated), then we calculate the third
coordinate with the help of equation 3.3 (Figure 3.9). The resulting points,
connected by a spline, can be seen in Figure 3.10a. Figure 3.10b illustrates the
original spline (black) and the new spline (green).

x:x1+M X (% — x1) (3.3)

(Y2 —=y1)
The role of the new point configuration was to take the silhouette of the leg
from 4 sides in a controlled way, considering as many anthropometric points
as possible. The inner and outer silhouettes can also be compared to side

seams on form-fitted pants. These silhouettes also represent the alignment
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FIGURE 3.8: Chosen landmarks used as the “known points” in
the linear interpolation equation 3.3

P

y
/ Interpolated
v, point

»>
X, X X,

FIGURE 3.9: Linear interpolation between two known points,

A, representing a landmark in Figure 3.8 and B, representing

the adjacent pair of A; P is the extreme point that falls between

A and B; each extreme point has two known coordinates, and
the third is calculated using a formula

of the leg and the Q-angle, which is a comparative factor between individual
legs.

This realignment operation was important from the point of view of compa-
rability because if we leave the extreme point in its original state, this gives
an uncontrolled spline for every subject, as the leg soft tissue is unique in
every subject’s case, making the original spline unusable.

After having the optimal position of the above-mentioned points, we con-
tinued by creating a framework on these points; in this way;, if all our frame
is connected to parametrized points, once the parameters change, the frame
changes with them. The idea was to get the leg silhouettes from as many
sides as possible. To create this frame, we chose 5 levels on the leg. 1st level is
at the ankle, 2nd level is at level C12 (approximate bronchial level), 3rd level

is a combination between level C24 (approximate calf level) and the Tibial
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)

(A) New position of extreme points and

the corresponding spline that connects (B) Comparison between the original
them; in this state, the position of the state of the extreme points and the new
points is not necessarily on the surface of position of points that are not extreme
the leg, as they have been shifted in X and points anymore but are positioned in a
Z directions controlled way, same for every subject

FIGURE 3.10: Result of the point interpolation method

Tuberosity, the 4th is at level C36 (approximate knee level) and the 5th is also
a combination between the crotch, ASIS projection (Figure 3.11a: yellow line
between ASIS and Patella, the red point on yellow line representing the inter-
section point of the plane between the crotch and Trochanter and the yellow
line. This red point is projected on the surface of the leg. Great Trochanter
and the Gluteal Fold. We connected the corresponding four points at each
level, which can also be visualised in Figure 3.11a. With 3D transformations,
we translated the points on the outside of the leg surface to stay on a line con-
necting the barycentre of the corresponding level and the translated point.
This way, we have created contours connecting the translated points that will
be projected on the surface of the leg. The first set of projection contours that
create the silhouette of the leg on the four sides (left, front, right, back) can
be visualized in Figure 3.11b and the resulting projected lines in Figure 3.11c
These four projection contours are automatically adapting to the subject in
study, once the XYZ coordinates are imported, meaning no further manual
manipulation is needed.

A second set of projection contours has been created to get the projection of
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(A) The five levels on the leg serving as a (B) Projection lines that give the silhou-
basis for the projection frame; ASIS pro- ette from each side of the leg (left, front,

jection method right, back)

(C) Projected lines on the surface of the
leg obtained with the help of the projec-
tion lines

FIGURE 3.11: Creation process of the first set of projection lines

the leg midway between the 4 side silhouettes. We repeated the same trans-
formation of midway points visible on the right of Figure 3.12a to the out-
side of the leg and created projection contours in the form of a 3D spline. We
have created a plane between levels C36 and C24 on each projection contour,
representing the projection plane and serving as the director of projection.
Because we are dealing with a 3D spline that is not placed in the same plane
at every level (the ankle, bronchial, and crotch are not in the same plane as
the knee and calf), the projection of these points would not fall in the correct
place. To remediate this problem, we have introduced sliding points at the
level of the crotch, bronchial, and ankle, which will approach the projection
contour to the surface of the leg, thus assuring the correct position of projec-
tion. Because the knee and calf levels are always projected correctly (as they
are in the same plane as the projection plane), we have receded the contour

from the leg surface, so we can ensure that the contour stays outside of the
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(A) Midway points between the silhou- (B) Projection frame and projected con-
ettes that are translated out of the leg tours midway between the silhouettes.

FIGURE 3.12: Creation process of the second set of projection

lines
(A) Points between the silhouette points (B) Third set of projected lines, that, along
and mid-points creating the third set of with the others, divide the leg into 16
projection frame non-equal segments

FIGURE 3.13: Creation process of the third set of projected lines

leg surface at all levels. For the reason of the sliding points, before projecting
the contours on the leg’s surface, a manual operation of approaching these
points had to be introduced.

Similarly, to the midway contours, we have created a third set of projec-
tion contours, this time targeting the mid portion between a red projection
line (silhouette, Fig.13), adjacent to a yellow projection line (midway, Figure
3.12b). The process is identical to the midway projection contours, and the
shape of the third set of points and projection contours can be visualized in
Figure 3.13a. The resulting projected lines in Figure 3.13b divide the leg’s
circumference into 16 non-equal segments, and this characteristic of the pro-
jection is perfectly repeatable on any leg shape.

We limited the projected lines to three steps to define the leg portion that will

serve as input in the classification algorithm (Figure 3.14). The first step is
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¥\
FIGURE  3.14:
Limitation of the FIGURE  3.15:
projected  lines Creation process
with planes and of the third set of
points projection lines

a limitation of the upper frontal barrier, which happens with the help of a
plane defined between the crotch point and the greater trochanter; all lines
falling between these two landmarks have been limited with this plane. The
second step comprises the limitation of the lower leg barrier, which also hap-
pened with the help of a horizontal plane defined at the level of the Lateral
Malleolus. At this step, all of the projection lines are limited. The third step
is a limitation of the upper back-barrier, which happens with the help of slid-
ing points placed on the projection lines to contour the shape of the buttocks.
This zone is highly variable, with the highest difference between men and
women; therefore, finding the position of these sliding points is a manual
operation. When all lines have been limited, a contour spline has been inter-
polated through each endpoint, at both the upper and lower ends of the leg.
The interpolation frame can be visualized in Figure 3.15.

It has to be noted that we have chosen to use this specific contouring of the
upper barrier of the leg instead of simply cutting the leg with a horizontal
plane at the crotch level because the lowest point of the glutes sometimes
falls under the level of the crotch, especially in case of women, therefore we
judged that this way the shape will also contain information about this par-

ticular area, conserving the shape more precisely.
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FIGURE 3.16: Projected lines on different shapes of legs.

These two files have been further modified in software called WeCov3r Stu-
dio [151], where we could extract the XYZ Cartesian coordinates of the poly-
gons. In the case of the 16 projection lines, we extracted 50 equally distant
points on each polygon. Figure 3.16 is an example of five different leg shapes
with 16 projected lines that could be considered a simplified representation

of the leg’s shape.

3.3.3 Shape correspondence

3D Normalisation Goodall et al. [152] define the shape of a geometrical
tigure as the attributes that remain unchanged under certain transformations
like translations, rotations, and uniform scaling. 3D normalization using
Minimal Bounding Sphere (MBS) in combination with other and rigid trans-
formations is a well-established approach in shape analysis and geometric
morphometrics. The minimal bounding sphere is the smallest sphere that can
enclose a set of points in a 3D space [67]. Multiple 3D anthropometric stud-
ies used the MBS to solve the scale differences of human bodies with varying
heights [68], [66], and it is wildly used method in computer graphics as well
[71]. Normalizing the size of the radius of a minimal bounding sphere can
improve stability of the model against scaling [67], and it is important in the
case of both intrinsic and extrinsic shape descriptors. Another requirement

to determine differences between 3D objects is finding an optimal alignment.
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Procrustes analysis is a rigid shape analysis that is used to find "the best fit
between two or more landmarked shapes" [153]. The Iterative closest point
is a global registration method, which computes the rigid transformation (ro-
tation and translation) between two non-uniform point sets by determining
the optimal translation and rotation to minimize the sum of squared errors
[72].

On our 3D shape descriptor set, we first applied scaling with the Minimal
bounding sphere. The xyz coordinates of the 3D shape descriptor are col-

lected and processed as follows:

Point Cloud Data Processing Let a 3D point cloud P C IR? be defined as:

P={pi=(xyiz) eR’|[i=1,.. N}

where N is the number of points in the cloud. The point cloud is read

from an . xyz file and stored in matrix form:

X1 Y1z
X2 Y2 Zp
P = . . . 6 ]RNX3
_XN YN ZN_

Computing the Farthest Points To constrain the bounding sphere, we iden-

tify the pair of points (p;, p;) with the maximum Euclidean distance:

(pa,pp) = arg i,je{lrfl.i)\(]},Kj HPi - Pj||2

Sphere Through Two Points Given the farthest points p, and p;, the center

¢o and radius rg of the sphere passing through them are computed as:



3.3. Definition and extraction of morphological shape descriptors 77

=P TP o= D lps — puls

Minimizing the Bounding Sphere To compute the minimum bounding
sphere, we adopt an approach inspired by Welzl’s algorithm [70], which is a
recursive randomized method for determining the smallest enclosing ball of
a point set in R?. However, in this study, we modify the classical approach
to incorporate an explicit constraint: the resulting sphere must pass through
the two farthest points in the point cloud.

Let the farthest points be p, and p;, and let the initial guess for the center
and radius be:

_ Pa+ Py

1
Co 5 ro = §|!Pa—Pb||z

To enforce the constraint while optimizing the bounding sphere, we formu-

late a loss function that penalizes points lying outside the sphere:
al 2
min max (0, ||p; — c||, — 7
i) max (0, s~ el 1)
This constrained optimization problem is solved using the L-BFGS-B algo-

rithm from the scipy.optimize module, which is suitable for bounded smooth

optimization.

Scaling the Point Cloud To normalize the geometry, each point is scaled

such that the enclosing sphere becomes a unit sphere centered at the origin:

Let the scaled point cloud be:
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P ={pleR®|li=1,...,N}
so that
Ipil, <1
(A) Frontal view (B) Side view

FIGURE 3.17: Superposed minimal bounding spheres of the
tallest (blue) and shortest (green) subject in the database

(A) Frontal view (B) Side view

FIGURE 3.18: Superposed minimal bounding spheres of the
tallest (blue) and shortest (green) subject in the database after
scaling the radius to 1

The ICP implementation from Open3D [154] was used to perform point cloud

registration. The three states of 3D data are presented in Figure 3.19.
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(A) 3D dataset raw state (B) 3D dataset after MBS (C) 3D dataset after ICP

FIGURE 3.19: 3D normalisation stages of the 3D shape descrip-
tor dataset

The same ICP registration has been performed along with a uniform scal-
ing on the individual 16 projection lines that we used in our classification
algorithm. We illustrated this rigid 3D transformation in Figure 3.20, which
presents the projection line, corresponding to the medial contour of the leg,
passing through the crotch point, the medial epicondyle, mid calf, and me-
dial malleolus. Figure 3.20a presents the curve in the frontal view (X-Z plane)
and Figure 3.20b from the side view (Y-Z plane), illustrating the database be-

fore and after the ICP transformation.

Original Line Plots - Frontal view ICP Transformation - Frontal view Original Line Plots - Side view ICP Transformation - Side view

-05 -04 -03 -02 0.1 ~0.325-0.300-0.275-0.250~0.225-0.200-0.175-0.150 -015  -010 -005 000 005 -008 -0.06 -004 -002 000 002
X Y Y

(A) Frontal view (B) Side view

FIGURE 3.20: Projection line, corresponding to the medial con-

tour of the leg, passing through the crotch point, the medial

epicondyle, mid calf, and medial malleolus, illustrating the
database before and after the ICP transformation and scaling
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FIGURE 3.21: Visualization of the 16 projection lines of the en-
tire dataset after the ICP transformation

The achieved 3D shape descriptors conserve the shape information even through
multiple rigid transformations. Figure 3.21 illustrates the 16 projection lines

of the entire dataset of 131 individuals.

3.4 Unsupervised learning from morphological data

3.4.1 Principal Component Analysis

To study the variance importance in our 1D dataset, we have used PCA. First
of all, we wanted to identify the redundant data in our leg circumference
set. To do so, we have run the algorithm on the 15 circumferential data,
computed the correlation values between variables, as well as the cumula-
tive explained variance of the first three principal components. According
to Li et al. [15], the correlation coefficients between variables and principal
component scores reveal how the variation of each feature correlates to the
variation of each principal component. Figure 3.22 shows the Pearson corre-
lation coefficients between all pairs of features in the form of a square matrix,

where the values can range between -1 (perfect negative correlation) and +1
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(perfect positive correlation), and the values close to 0 indicate no linear re-
lationship. This correlation coefficient offers insight into the strength of the
linear relationship between two variables [155]. Visualization of the hier-
archical relationship was performed using the Seaborn Python library [156]
clustermap function, which reordered the rows and columns, grouping to-
gether similar features. On this figure, first of all, we can observe three main
feature groups: thigh, mid-leg, and lower leg features. We can see that the
circumferential measurement of the thigh (C44 - CCr) is a highly correlated
feature, ranging between 0.86-0.99, meaning that they grow and shrink to-
gether. The mid-leg features (C24 - C36) are closely related to each other, but
we can also observe that they are closer in variance to the thigh features than

to the lower-leg features (C4 - C20).

TABLE 3.1: Individual explained variance

PC1 (%) PC2(%) PC3 (%)

Full dataset with 16 circumferences 89.3 5.7 1.7
Reduced dataset with 6 circumferences 88.2 6.8 22

TABLE 3.2: Cumulative explained variance

PC1 + PC2 (%) PC1+ PC2+ PC3 (%)

Full dataset with 16 circumferences 95 96.7
Reduced dataset with 7 circumferences 95 97.2
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FIGURE 3.22: Correlation coefficients between variables ar-
ranged in a Clustermap to reveal the redundant data

Figure 3.23a shows the contribution of features to the first 3 principal com-
ponents using the same cluster-based visualization. The pattern of the 3
regional linear links is observable in this case as well. We made the same
observation about the first PC as Jolliffe [157], which was the overall size
growth described by this PC. In case of the second principal component, we
can highlight the variational contribution of lower-leg features, and in case
of the third principal component, the same contribution could be described,
but with the mid-leg features. Table 3.1 describes that most of the variation
is described by the first PC (overall size growth), 89.3%, the second principal
component (lower-leg features), 5.7%, and the third PC (mid-leg features),
1.7% of the total variations. From this information, we deduced that in order
to keep the overall size variation, we should preserve at least 1 feature from
the three zones. We could also deduce that the lower-leg features contribute
more to the total variations than the mid-leg region features. To reduce the

number of features and to also exclude the redundant data, we have selected
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the variables that have the highest sum of contributions (visible in Figure
3.23a, 41 row). We took into consideration the hierarchical cluster groups
and the specific zones in which the features are. The final set of circumfer-
ential variables is C4, C8, C12, C16, C20, C24, C36, C48, which corresponds
to most of the lower leg area from ankle to calf, and the knee and mid thigh

circumferences.

[N 26 25 25 25 25 25 25 25 26 25 25 22 25 25 24 24 &l

20 23 23 119 -17 9 -7 46 63 72 67 70 46 36 47 40 FNENIIe

€40 C48 C52 C56 C60 C44 C64 C36 C24 C28 C32 C4 C20 C16 C8 CI12

(A) Full circumferential database (B) Reduced circumferential database

FIGURE 3.23: Variational contributions of the first three PC, be-
fore and after the variable reduction

3.4.2 Unsupervised classification of multidimensional shape

descriptors

Spectral clustering is a graph theory-based method for partitioning data, es-
pecially effective for non-convex structures [107]. It has become one of the
most popular clustering algorithms, because it outperforms the traditional

clustering algorithms such as K-Means [108].

Distance computation and Graph Construction To obtain the morpholog-
ical groups, we applied the Spectral Clustering algorithm to group similar
leg shapes using our 3 multidimensional shape descriptors. One important
step before implementing the spectral clustering algorithm is to compute the

similarity graph. According to Benkaouz et al. [111], a K-nearest neighbors
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algorithm provides each data point with its k most similar data points, de-
tfined by a similarity metric, building a KNN graph where each node is con-
nected with a weighted edge to its k most similar nodes. Von Luxburg [109]
states that the main goal of the similarity graph is to construct a model of
the local neighborhood relationships between the data points. In our appli-
cation, we chose the K-nearest neighbor graph using the scikit-learn library
[100]. As we have three different data dimensions, we needed to adopt dif-
ferent distance calculations. In the case of the 1D descriptor that contains
the three PC as the main variables, we have computed a weighted adjacency
matrix, using the Euclidean distance metric to determine the similarity be-
tween the variables. In case of the 2D and 3D curves, where we are dealing
with XY and XYZ coordinates sampled across multiple instances (15 points
for the 2D and 50 points for the 3D), we needed to compute the pairwise Eu-
clidean distance matrix across all samples. This results in a 2D and 3D array
D € R'samples *Msamples *Msamples containing the x, y and z coordinates of the 2D

and 3D curves.

fo) = \/(Xz‘k — Xji)? + (Yie — Yj)* + (Zi — Zj)? (3.4)

To obtain a single scalar dissimilarity value between each pair of samples,
the distance matrix is summarized across all landmarks using a statistical
aggregation method (mean). The resulting 2D matrix S € Rsamples ™/ samples jg
defined as:

1 Npoints

ijk) (3.5)

Sij=_—
npomts k=1

This summarized distance matrix is then used as an input to construct a
graph-based representation of the data. We compute a weighted adjacency

matrix W € R'samples*"samples 3ging the k-nearest neighbors (k-NN) approach,
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and the resulting adjacency matrix was symmetrized. We then weight the
edges of the graph using the corresponding entries from S. This graph struc-
ture captures the geometric similarity between the curves and serves as a

basis for spectral clustering.

Spectral Clustering

The first step of spectral clustering is the computation of the Laplacian ma-
trix, using as input the weighted adjacency matrix. There have been many
discussions on the topic of choosing an unnormalized or normalized Lapla-
cian matrix to compute the eigen components in [158], [112], who presented
algorithms for normalized spectral clustering and, who provides a tutorial
for the two previous methods and [109] also presents the concept of unnor-
malized spectral clustering. Von Luxburg, in [110], concluded that the nor-
malized clustering algorithm should be a preferred method in practical ap-
plications. She also mentions in [109] that the Random Walk Laplacian matrix
has more advantages when it comes to defining clusters. For this reason, we
computed the normalized random walk Laplacian matrix and extracted the
first k (k in this case is the number of neighbors) eigenvectors corresponding
to the first smallest eigenvalues. To extract the final partition of our data, we
have to apply a clustering algorithm like K-means on the sorted eigenvectors

of the Laplacian matrix.

Clustering quality and algorithm initiation

Two initial parameters need to be defined in our approach of spectral clus-
tering: the number of neighbors that we use to build our graph and the num-
ber of clusters that gives the best data partitioning. To determine the optimal

number of n, which is necessary to build the similarity graph, we constructed
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a systematic search over a predefined range. for each valuen € {1,2...10} a
graph was constructed. For each of these graphs, clustering was performed
for values of k € {1,2...20} and for each k the following clustering qual-
ity indexes have been computed: modularity (Q) [159], average silhouette
score [114], Davies-Bouldin index [115], Calinski-Harabasz score [116], the
best score has been retained for each of these indexes for the current n. This
process has been repeated for all values of #, and we compared the best scores
and selected the one that consistently yielded superior performance across

multiple indices.

TABLE 3.3: Clustering Evaluation Metrics and Optimal k and n

Values

Silhouette k DBI k CHI  k Modularity k n
0.71 5 045 5 2248938 3 0.72 8 3
0.63 4 049 17 1079451 4 0.74 9 4
0.62 5 053 10 674981 3 0.67 11 5
0.59 15 055 16 576591 3 0.68 6 6
0.54 16 0.61 17 4096.89 3 0.64 8 7
0.52 9 0.69 11 47259 3 0.63 5 8
0.49 9 075 9 492724 3 0.60 7 9
0.43 19 079 19 357218 3 0.58 6 10

Table 3.3 shows an example of clustering evaluation metrics for a 3D projec-
tion line. The best results came back for n = 3 in the case of three evaluation
metrics (Silhouette = 0.71, DBI = 0.45, CHI = 22489.4) and n = 4 in the case of
Modularity = 0.74. As discussed, the chosen k had to be proposed by more
than one quality index, and most usually the silhouette score and the DBI,
which we found the most reliable, were the deciding indices. Therefore, in

the presented example, k was chosen to be 5 for n = 3.
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FIGURE 3.24: Visualisation of clusters

Cluster 2 Cluster 4 Cluster 5

(B) Frontal view (X-Z plane)

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5

(C) Side view (Z-Y plane)

FIGURE 3.25: 3D shape descriptors of the 10" projection corre-
sponding to the lateral silhouette of the leg. Visualisation of the
5 clusters identified for the 10" projection line

Ensemble learning

Classic ensemble learning methods directly use the labels obtained from dif-
ferent clustering of the same data to obtain a more robust classification, but
this way they neglect the intrinsic data structures, which, for example, a
Laplacian matrix could exploit. Li et al. [118] have introduced a new ensem-

ble learning method that is applicable in the case of Spectral clustering. The
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key idea behind ELSC is the implicit combination of the Laplacian graphs ob-
tained from base spectral clustering algorithms. The input in this algorithm,
therefore, will be the n Laplacian matrices that will be summed to form a
consensus Laplacian matrix from which a final consensus embedding could
be calculated and used as input for K-means. Building on this idea, we have
performed 16 base spectral clustering for each of the 16 leg projections, and
retained the Laplacian matrices that gave the best partitioning. The consen-

sus Laplacian matrix L* is computed as the sum of the 16 base Laplacians:

16
L* = Z}L(i)

The rest of the algorithm is maintained the same way as for the base classifi-

cations.

3.5 Results

In this chapter, we have presented the methodology that we have used to
partition our extended database (258 subjects) with the help of the 1D and
2D shape descriptors and the reduced database (131 subjects) with the help of
the 3D shape descriptor. In this chapter, we will present the obtained results
derived from the classification of the three shape descriptors, and we will

provide a characterisation of the identified morphological groups.

3.5.1 1D data classification

To learn morphological distribution among our 258 subjects, we have em-
ployed PCA on the normalized values of 15 circumferential measurements.
As a first step, we have reduced the number of variables from 15 to 8 to

remove redundancy and only keep the features that contain at least 97.2 %
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(PCq + PCy + PC3) of the total variations. These features are entitled C4 (an-
kle at it’s smallest girth), C8, C12, C16 and C20 ( equidistant circumferences
between ankle and calf), C24 (calf), C36 (knee) and C48 (mid-thigh). The PCA
pointed out that the values of the lower leg have a higher variation than the
upper leg. The 3 retained PCs were then introduced in our spectral cluster-
ing algorithm to obtain a final partition. As previously explained in Subsub-
section 3.4.2, to decide on the number of neighbors and clusters, we have
used multiple quality metrics and applied a systematic search for ranges of
n and k. The results are shown in Table 3.4, which highlights the highest Sil-
houette score for n = 4 and the lowest DBI for n = 4. The suggested cluster
number is 4 in both cases; therefore, the algorithm has been initialized with

these parameters. Figure 3.26a represents the similarity graph built with the

Silhouette k DBI &k CHI
0.64 4 050 18 8491394 0.81 12
0.66 4 047 4 51851.45 0.75

k' Modularity k
3
3
0.60 5 054 5 2623714 3 0.76
3
3
3
3

0.56 6 062 6 24153.95 0.73
0.55 12 059 12 20145.73 0.73
0.51 14 0.67 16 18163.47 0.70
0.52 12 0.66 16 13827.70 0.70

Q0 00 00 \O O
OOV W

TABLE 3.4: Clustering metrics for the classification of 1D data

4 nearest neighbors of each data point, where the edges reflect the similarity.
From this structure, the Laplacian graph captured the connection between
each data point, notably how strongly they are connected. To represent this
information in a lower-dimensional space, the three lowest eigenvectors of
the Laplacian matrix were chosen and plotted in 3D. This spectral embed-
ding is visible in Figure 3.24a, where we can also visualize the centroids of

each cluster.
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(A) Similarity graph of data with (B) Spectral embedding of data with
n=4, k=4 n=4, k=4

FIGURE 3.26: Visualization of clusters

After this step, we have identified the cluster centroids, marked as red dots
in Figure 3.24a, and retraced them to the nearest data point, which will rep-
resent the morphotype of each cluster. These morphotypes can be seen in
Figure 3.27a, where the same observation is made: a gradual increase in size

between the morphotypes.

o

o0

fwo

£

Eao

E

© 400
-

(B) Cluster visualisation of the 1D clas-
(A) 4 morphotypes of the 1D shape clas- sification with the help of the evolution
sification curves (2D SD)

FIGURE 3.27: Visualisation of clusters

Figure 3.27b is used to observe the 4 clusters identified by the 1D data clas-
sification in the form of circumferential evolution. One additional remark
that we can make in this case is that, clearly, variable C4, C8, C12, which
have been proven to be the most influential variables in the dataset (3.23b),
are perfectly separated into 4 size groups, and as we go up on the leg, the

separation becomes more interfered with between the groups.
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3.5.2 2D data classification

As presented in Paragraph 3.3.2, we consider the form of data obtained by
affine translation of the normalized circumferential evolutions as the 2D shape

descriptor, also seen in Figure 3.6. From the resulting quality metrics, we can

Silhouette k¥ DBI &k CHI

1.00 4 000 4 828x10%
0.74 10 028 8  80465.29 0.85 14
0.73 11 033 15 25949.61 0.83 12

k  Modularity k
4
3
5
0.67 19 040 14 2149921 3 0.81 11
3
3
3
3

0.3 4

0.70 13 037 13 19217.36 081 9
0.68 10 045 18 15867.33 0.81 10
0.69 13 042 14 15787.70 0.79 10
0.68 13 044 14 13249.09 0.77 9

S\0 N U WS

TABLE 3.5: Clustering metrics for the classification of 2D shape
descriptors

obtain a similarity graph for n = 3 that can partition the data into 4 "perfect"
clusters, according to the Silhouette scores and DBI, which both give perfect
repartition values. In reality, when we observe both the similarity graph and
spectral embedding in Figure 3.28b and 3.28a, we can see that indeed there
is a visible separation of groups that produced no interconnections between
the clusters. On the other hand, group 1 (red) is too large and by itself could
be treated as a separate similarity graph due to the 208 data points that got

assigned here.
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(A) Spectral embedding of data with (B) Similarity graph of data with
n=3, k=4 n=3, k=4

FIGURE 3.28: Visualisation of clusters
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We identified the morphotypes (Figure 3.29a of each group the same way as
in the case of the 1D data and visualized the clusters projected on the circum-
tferential evolutions (Figure 3.29b. From these observations, we can conclude
that Cluster 1 could be alone having multiple hidden evolutions; therefore,
Morphotype 1 is not necessarily a representative shape for its population. On
the other hand, Clusters 2, 3, and 4 are more uniformly similar to their own
population; for this reason, the corresponding morphotypes describe each
group better, respectively. We can also observe in Figure 3.29b that this clas-
sification is more shape-related than size-related, as the population of Cluster

2 is distributed among multiple sizes.

1}]

(A) 4 morphotypes of the 2D shape clas- (B) Cluster visualisation of the 2D SD
sification classification

FIGURE 3.29: Visualisation of clusters

Figure 3.30 represents the 4 clusters visualized through the three stages of
data representation: in original form, in normalized form, and in shifted
form (ankle in 0). The superposition of the last three clusters can be visu-
alized very clearly on the third form of data.

In terms of the population of Cluster 2, we have observed that it is a group of
mixed genders with both male and female representatives. A second obser-
vation was that all these subjects have an average leg length ranging between

644 and 756 mm. In terms of ankle size, we have taken the values from a
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Sigvaris sizing table and tried to see where our subjects are placed. The pop-
ulation of Cluster 2 ranges between ankle sizes S to XL.

Cluster 3 is mainly represented by female subjects of higher BMI; there is a
single male representative in this group. It is also important to mention that
this group has short legs ranging between 527 - 644 mm, and similarly to
Cluster 2, the ankle size can range between S and XXL.

Cluster 4 is entirely represented by male subjects with lower BMI and a
longer leg length, ranging between 756 - 876 mm. The gender, ankle size,
and BMlI-related data can be observed in Appendix A.

Subgroup 1 (Original) Subgroup 2 (Original) Subgroup 3 (Original) Subgroup 4 (Original)
600 - & 600 4 600 4 600 4
400 o : 400 400 4 400
200 4 i 200 200 4 200
T T T T T T T T T T T T T T T
200 400 600 800 200 400 600 800 200 400 600 200 400 600 800
Subgroup 1 (Normalized) Subgroup 2 (Normalized) Subgroup 3 (Normalized) Subgroup 4 (Normalized)
800 4 800 | 800 800 |
600 4 600 - 600 600
400 — ~ | 400 400 4 00
200 4 200 200 200
T T T T T T T T T T T T
200 400 600 200 400 600 200 400 600 200 400 600
Subgroup 1 (Translated) Subgroup 2 (Translated) Subgroup 3 (Translated) Subgroup 4 (Translated)
600 - 600 600 4 600 4
400 400 400 4 S 400
200 4 200 200 = 200 _—
e — —
0 T T T 0 T T T 0 T T T 0 = T T
200 400 600 200 400 600 200 400 600 200 400 600

FIGURE 3.30: Visualization of the data sorted in clusters de-
fined by the 2D SD, in three different forms: original, normal-
ized, and normalized translated to 0

3.5.3 3D data classification

As discussed in Subsubsection 3.4.2, the final results of the 3D shape descrip-
tor classification are computed with the help of a consensus Laplacian ma-
trix, which was obtained from 16 base spectral clustering of the 16 projection
lines, respectively. The quality metrics that defined the number of neighbors

giving the best result for each base classification and allowing the extraction
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of 16 Laplacian matrices are presented in Appendix B along with the possi-
ble shapes that are hidden in each Laplacian. The resulting eigen space of
a 3 neighborhood graph was partitioned with the help of the same quality
metrics (Figure 3.31), which both suggested k = 3 and k = 5. We chose k = 3
for the final partition because in an industrial setting, the lower number of
morphological groups could be better handled than a higher number, and as

both options have similar metrics, we took the lower value.

Silhouette Score vs. Number of Clusters DBI vs. Number of Clusters
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FIGURE 3.31: Spectral embedding of the smallest eigenvectors

derived from the consensus Laplacian matrix of the 16 projec-

tion lines with n = 3 and k = 3 as suggested by the Average
Silhouette score and Davies-Bouldin indexes

Figure 3.32a shows the 131 3D shape descriptors divided into the 3 morpho-
logical groups, highlighting the lateral silhouette of the leg that shows the
success of the algorithm in identifying similar shapes as the base algorithm.
A full list of the 16 projection lines divided into three groups can be visual-

ized in Appendix C.



3.5. Results

95

(A) Database of 3D shape descriptors di-

vided into three morphological groups,

highlighting the lateral silhouette of the
leg, plotted in a frontal and side view

Frontal view Side vie

(B) Three mean shapes, computed from

the three clusters, highlighting the lateral

silhouette in a frontal and side view in a
superposed position

FIGURE 3.32: Visualisation of the 3D geometry of the three mor-
phological groups and corresponding mean shapes

By averaging the individual sets of projections for each identified morpho-

logical group, we can compute a mean shape, visible in Figure 3.32b. By

superposing each individual averaged curve, we can observe the differences

between the morphological groups. As the example shows, in the case of the

lateral silhouette of the mean shapes, the key difference can be observed on

the side view, and it is highly related to the bone alignment or posture of the

morphological groups. Slight differences can also be observed on the frontal

view of the lateral silhouette, but they are not as pronounced as on the side.

b

Frontal view Side view
(A) Reconstructed mean shapes of the

three morphological groups, visualized
from a frontal and side view

L)

Frontal view Side view
(B) Morphotypes of the three morpho-

logical groups, represented by the closest
subject to the centroid

FIGURE 3.33: Visualization of clusters
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This method also allows us to reconstruct a surface mesh using the 16 av-
eraged curves and obtain a general representation of each morphological
group. Figure 3.33a shows the three reconstructed mean shapes from both
frontal and side views. As can be observed, the overall alignment of the legs
is the key geometric difference that has been identified between the groups. If
we compare the computed mean shapes with the closest subjects to the cen-
troid of each group, Visible in Figure 3.33b, we can observe the same bone

alignment that was mentioned before.

FIGURE 3.34: Example population of Cluster 1, showing a hy-
perextension of the knee

Figure 3.34 shows 4 examples of subjects, representative of Cluster 1, all of
which show a hyperextension of the knee, otherwise known as genu recurva-
tum [160], which is clinically described as a malposition between the femur

and tibia, and it is considered a postural fault.
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FIGURE 3.35: Example population of Cluster 2, showing a nor-
mal alignment of the leg

Figure 3.35 shows 4 examples of subjects, representative of Cluster 3, with a

normal alignment of the leg.

FIGURE 3.36: Example population of Cluster 3, with a flexed
knee configuration

Figure 3.36 shows 4 examples of subjects, representative of Cluster 3, with

a flexed knee posture or otherwise known as genu flexum [161], which is
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developed when a person is bearing their weight on their knee flexes to a
greater degree than normal when standing.

Figure 3.37 reveals the three morphological groups found by the 3D shape
descriptors. We can observe that the posture of the leg does not influence
the circumferential growth of the soft tissue, as none of the morphological
groups follow a specific growth pattern; they are not distinct from each other

in any particular way.

(A) Circumferential curves (B) Circumferential curves (C) Circumferential curves
of the morphological group of the morphological group of the morphological group
1 2 3

FIGURE 3.37: The three morphological groups and the corre-
sponding circumferential curves in a normalized, shifted posi-
tion

3.6 Conclusions

This chapter aimed to identify morphological groups of the lower limb with
classic unsupervised learning methods, using multidimensional shape de-
scriptors. For this, we have established two databases: an extended ver-
sion that contains anthropometric data from 258 human legs, and one that
contains 131 high-quality 3D scans and the corresponding 10 anatomic land-
marks. The first database was used to extract morphological patterns with
1D and 2D shape descriptors; the second database was used to extract a set
of 3D shape descriptors.

The 1D shape descriptor, which uses the 3 first principal components of 8
variables (C4, C8, C12, C16, C20, C24, C36, C48) can differentiate size related
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differences between individuals and group them, in the same time it did not
make any shape related difference or highlight any shape pattern in the data,
which makes us conclude that the 1D shape descriptor is not enough by its
own to classify leg shapes in distinct groups.

The 2D shape descriptor could identify 3 well-separated circumferential evo-
lutions, which describe different populations. For instance Cluster 2 contains
subject with an average leg length (644 - 756 mm) from various ankle size
ranges (S - XL) and mixed gender, Cluster 3 is representing short legged sub-
jects (527 - 644 mm), with the majority being female (96% female, only 1 male
subject) with ankle sizes ranging from S to XXL with higher BMI, and Clus-
ter 4 is regrouping long legged (756 - 876 mm) exclusively male subjects of
ankle size M and L and lower BMI. These results make us conclude that the
same circumferential evolution can be observed in multiple ankle ranges and
that, for a correct sizing system, perhaps identifying distinct circumferential
evolutions could be the direction to take. We also concluded that Cluster 1,
as it was identified by the algorithm, does not realistically represent a single
evolution type, and this aspect has to be reviewed in Chapter 5 dedicated to
the sizing systems.

With the help of the 3D shape descriptor, we were able to identify 3 geomet-
rical differences among our subjects in study that we consider to be strongly
related to the posture of the subjects, that can be considered either normal
as shown by the population of Cluster 2, or manifesting genu recurvatum
and genu flexum, which are postural faults and present in the population of
Cluster 1 and Cluster 3 respectively. These three morphological groups can
be easily identified by viewing the subject in the sagittal plane. It has also
been noted that the three morphological groups that we have discovered by
the 3D shape descriptor are not linked to any specific circumferential growth

pattern; therefore, there is a need to find a rule that can help us parametrize
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the volumetric growth of the morphotypes.

N7
N
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Chapter 4

Deep Learning Architecture for
Clustering and Anomaly Detection

in Morphological Data

4.1 Introduction

3D data is a valuable resource that can be used to describe the geometry of
a 3D object [63]. Deep learning-based methods have gone through signif-
icant advancement, especially in the field of geometric learning from non-
Euclidean 3D data, like point clouds, grids, and meshes [73], which still
represent unique challenges in this field. Point clouds are the most widely
spread data form, used in reconstruction and classification tasks, despite the
fact that they do not contain surface information of the object. This is due
to the fast and easy data acquisition, made possible by the latest 3D scan-
ning technologies. Point clouds are simple structures that are easier to learn
[73], and they describe the spatial representation of a 3D object in an unstruc-

tured way [63]. Similar to point clouds, meshes are also considered complex
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structures easily acquirable, but they offer topological information, in addi-
tion to spatial embedding. However, these types of data often contain out-
liers, which can bias the analysis, leading to result misinterpretation. The
fast development of deep learning models, especially Convolutional Neural
Networks, has drastically changed both classification and outlier detection,
as the feature extraction process has been built into their structure, making it
easier to understand these complex structures. In this Chapter, we propose a
novel approach that integrates Deep Convolutional K-means with the Ellip-
tic Envelope algorithm to learn latent features for classification tasks, identify
subjects that present anomalies in their legs, and identify outliers within the

dataset.

4.2 Methodology

4.21 Post-processing of 3D mesh surface

Many sources have extensively explained the difficulty around the complex
structure of non-Euclidean 3D data, that it is hard to use the full potential of
CNN structures directly on this data [87] and that there is a need for feature
descriptors that have high discriminative value and can capture the struc-
tures that are important for classification [162]. As Mostapha et al. [163]
describe, this complexity comes from the lack of a grid structure on a non-
Euclidean surface. To overcome this irregular structure that scanned meshes
represent, instead of using the raw segmented mesh, we have generated a
triangulated surface mesh by automatically sweeping the 16 projection lines,
presented in Chapter 3. This process ensures the identical topology between

our dataset of 3D legs. For the creation of the new mesh, each projection
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line had to be resampled with exactly 50 points. To enhance the created sur-
face, we introduced in the original set of 16 curves an additional set of in-
terlacing curves. These new curves are generated by sampling intermediate
points along temporary orthogonal curves constructed through the existing
ones. This technique produces a quadrilateral strip mesh between consecu-
tive curves and converts each quad into two triangles, alternating the diago-
nal split to improve mesh regularity. In total, we will now have 32 curves of
exactly 50 points, so 1568 quadrilaterals will be created and split into 3136 tri-
angles, with a total of 1600 nodes, making the surface smoother, as depicted
in Figure 4.1. The mesh creation methodology is briefly introduced here for
the dataset context; a complete mathematical formulation will be provided

in a forthcoming publication.

Raw mesh Simplified shape Quadrilateral
from Anthroscan descriptor strip mesh

27422 vertices 27417 vertices 1600 vertices 1600 vertices
54408 faces 54493 faces 16 x 50 points 3136 faces 3136 faces
81866 edges 81927 edges 4736 edges 4736 edges

FIGURE 4.1: Construction of a quadrilateral strip mesh surface
to assure identical topology between meshes

Fully Convolutional Mesh Autoencoder

Zhou et al. [164] pointed out that one of the main challenges regarding deep

learning from meshes is their irregular sampling and connections, in which
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the vertices are unevenly distributed, having different connectivity and di-
rection. For this reason, applying the standard CNN kernels, which are used
on regular grid data, is not possible. To overcome the template-specific na-
ture and inability to capture fine-grained deformations of previous methods
used on mesh data, they proposed a Fully Convolutional Mesh Autoencoder
(FCMA), which can be applied on arbitrary mesh data that do not follow
a fixed structure and can be triangular mesh, polygonal mesh, or tetrahe-
dral mesh with irregular vertex distribution. This method leverages a novel
approach of convolution and (un)pooling operators applicable to irregular
mesh data by integrating an innovative spatially varying convolution ker-
nel(vcConv), where each vertex samples convolution weights from a globally
shared Weight Basis using vertex-specific locally varying coefficients (vc),
significantly reducing the number of parameters, making it more effective.

The convolution operation is formulated as follows:

Xi,]'GN(l')

with vertex-specific convolution weights defined by:

M
Wl',]' = Z Déi,]',kBk (4.2)
k=1

where By is the shared Weight Basis, and «; ; x are the learned variant co-
efficients (vc).

In accordance with the conventional CNN architectures, the authors in-
troduce pooling and unpooling layers (vdPool and vdUnpool), where vertex
features are aggregated based on learned density weights (called “variant
densities” or “vd”), effectively managing the irregularity of vertex distribu-
tions during mesh down-sampling and up-sampling. This pooling operation

is mathematically described as:
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Z}il i j

My; = piXij, P =
JEN (i)

where p; ; € Rand p jare respectively the training parameter and the density
value.

The FCMA architecture can be viewed in Figure 4.2, which illustrates
the encoder-decoder structure through a down-sampling block and an up-
sampling block. Experiments on diverse datasets, including D-FAUST hu-
man body meshes [165], high-resolution mesh models, and non-manifold
geometries, demonstrated that the FCMA approach achieves state-of-the-art
reconstruction accuracy. Comparative ablation studies further validate the
advantages of vcConv and vdPool layers, illustrating significant improve-
ments in accuracy, memory usage, and parameter efficiency over traditional

and recent mesh convolution methods.

!ﬂg? ) veconv

: M . vdDownRes
. Y X vcTransConv
:O/l q vdUpRes

vcTransConv

L7
79
400 * 64 400 * 64
Latent
1925+ 32 Layer 1925 * 32
6890 * 3 P — 6890-3
Encoder (Down-sampling) Decoder (Up-sampling)

FIGURE 4.2: The architecture of Fully Convolutional Mesh Au-
toencoder
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Deep Support Vector Data Description

Traditional anomaly detection methods like SVDD and One-class SVM, that
rely on kernel mapping, learn features independently from input samples
and apply anomaly detection afterwards. Being shallow learning models,
they do not deal well with high-dimensional data, because of computational
complexity [166]. Deep Support Vector Data Description (Deep SVDD) over-
comes these weaknesses by integrating in the model simultaneously rep-
resentation learning and anomaly detection, directly optimizing the model
for detecting anomalies. Deep SVDD is a fully deep one-class classification
method that can support high-dimensional data and is specifically designed
for unsupervised anomaly detection.

Let ¢(x; W) : RY — R” denote the mapping learned by a neural network
parameterized by weights W, which transforms the input data x € R? into
a latent representation. The goal is to find a center ¢ € R where most nor-
mal data points are inside a hypersphere. The soft-boundary Deep SVDD

objective is defined as:

1
. Rz -
min R+ - )

n
i=1

max {0, W) — P~ K2} + 2 3 W,
=1
where v € (0,1] controls the fraction of permissible outliers, A > 0 is
the regularization coefficient, and || - ||r denotes the Frobenius norm. The
term max{-,0} is a soft constraint allowing some samples to be outside the
hypersphere.
For scenarios where all training data are normal, the One-Class Deep

SVDD formulation eliminates the radius term and penalizes the average dis-

tance to the center:
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1 A g
min 3 [l¢(x W) — |+ 2 3 [IWF7. (4.5)
A=l 25

The anomaly score s(x) for a test sample x is given by the squared Eu-

clidean distance from the center in the latent space:

s(x) = [lp(x;W*) —cl?, (4.6)

where W* denotes the learned network parameters. In the soft-boundary
case, this score is compared against the learned radius R to determine if the
sample is normal or abnormal. A data point becomes abnormal when its
score is greater than a predefined threshold. Therefore, the One-Class Deep

SVDD implies the prior definition of a threshold.

4.2.2 MeshDeepSVDD: Anomaly Detection in 3D Meshes via

Fully Convolutional Mesh Autoencoder and Deep SVDD

In this subsection, we introduce the MeshDeepSVDD method in detail, which
is structured in two main phases: training of the Fully Convolutional Mesh
Autoencoder model and the anomaly detection with Deep SVDD on Latent

Mesh Representations, also illustrated in Figure 4.3.

Mesh representation learning with FCMA model

The key role of the first phase in the MeshDeepSVDD is to leverage the fully
convolutional structure of the FCMA model to generate highly accurate re-
constructed meshes and to learn their spatially localized latent representa-
tions that preserve the geometry of the original mesh in a lower-dimensional
space. The extracted features have a crucial role in the next phase, which

detects the anomalous data.
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Let V = {v; € R} denote the vertex set of a 3D mesh in the training
dataset. The FCMA architecture consists of an encoder fenc(-; WY,.) and a de-
coder fgec(+; W9,.), where WO, and W __ are respectively the initial weights
of networks.

The reconstructed mesh V is obtained by passing V through the encoder-

decoder pipeline:

V = fdec (fenc (V; Wgnc); Wc(l)ec) (4'7)

To train the FCMA model, we minimize the reconstruction error between

the input and the output mesh:
1Y 2
Erec - Z ”Vl - VlH (4.8)
N =

Optimizing L. yields the trained encoder and decoder weights Wen and

Wiec, respectively.

4.2.3 Anomaly Detection with Deep SVDD

A common approach to anomaly detection in autoencoder-based frameworks
is to calculate the reconstruction error, where anomalies will be reconstructed
poorly compared to normal samples. However, relying solely on reconstruc-
tion error has critical limitations, especially in complex, high-dimensional,
or spatially structured data like 3D meshes. Deep SVDD is an alternative
approach. This method trains the encoder of the neural network to map all
normal data into a minimum-volume hypersphere. Therefore, in this phase,
we discarded the decoder of FCMA and used only the encoder to generate

the latent features. The latent representation z of mesh V' is given by:

z; = fenc(Vi} Wenc) (4.9)
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With Deep SVDD, we initialize the fixed center ¢ of the hypersphere to
match the dimensionality of z. In this case, the value of ¢ is the mean of
latent presentations.

n

1
C = E Zfenc(vi} Wenc) (4-10)
i=1

Deep SVDD minimizes the squared Euclidean distance between the latent
features and the hypersphere center:
n

1
Losvpp = - Y- || fene (Vi Wene) — ¢|* (411)
i=1

The goal of optimization is to simultaneously learn network parameters
Wenc and minimize the volume of a data-enclosing hypersphere. This op-
timization is performed with respect to Wenc, resulting in updated encoder
weights W, .. The objective encourages the encoder to map normal meshes
tightly around ¢ while allowing anomalous meshes to deviate away.

For a test mesh V;, the anomaly score is computed by measuring the

squared distance between its latent representation and the center c:
$(V) = || fenc(Vi Wene) = < (4.12)

To determine whether the test mesh is normal or anomalous, we must

predefine a threshold 6. A test sample is classified as anomalous if it exceeds

a predefined threshold (s(V;) > 6).
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FIGURE 4.3: Overview of the MeshDeepSVDD for Mesh-Based
Anomaly Detection

4.3 Results

4.3.1 Mesh Reconstruction with FCMA model

The main goal of the FCMA model is to compress a high-resolution mesh
in a compact latent representation in the encoder phase, and then to recon-
struct the original mesh from this compact representation in the decoding
phase. For this, we configured the FCMA model with 4 vdPool layers for
the encoder and 4 vdUnpool layers for the decoder. The encoder progres-
sively reduces the original mesh from 1600 vertices with 3 channels per ver-
tex down to a latent representation consisting of 104 vertices with 7 channels
per vertex. The model was trained for 300 epochs using the Adam optimizer
with a learning rate of 0.0001. It achieved a mean squared geometric recon-
struction error (MSE) of 0.0116, computed as the average Euclidean distances
between the predicted and ground-truth vertex positions across the recon-

structed meshes. The reconstruction results are illustrated in Figure 4.4.
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FIGURE 4.4: The reconstruction mesh results

Evaluation on public dataset To evaluate the accuracy of MeshDeepSVDD,

we experimented on the MulSen-AD dataset [167], which is the first high-

resolution, multi-sensor anomaly detection dataset, specifically designed for

object-level anomaly detection for industrial quality inspection. We tested on

3 categories: Capsule, Nut, and Piggy. Due to our target focus on detecting

abnormal shapes, the dataset includes point clouds of normal meshes and

abnormal meshes manifesting in various forms, such as breaks, cracks, for-

eign bodies, and deformation. The train and test dataset is described in Table

4.1 and Figure 4.5. The meshes have been resampled to have 5000 vertices

each, to ensure consistency.

Category | Train Set Test Set \
#Normal | #fNormal #Abnormal

Capsule 64 10 25

Nut 118 10 17

Piggy 110 10 12

TABLE 4.1: Train and test dataset of MulSen-AD

We compared the anomaly detection performance of our method against

the state-of-the-art methods, which are the following:

* Support vector data description (SVDD) with Radial Basis Function

Kernel (nu value is 0.99)
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FIGURE 4.5: Illustration of normal and abnormal samples from
the Capsule, Nut, and Piggy datasets.

* Kernel density estimation (KDE), using a Gaussian kernel with a band-
width of 0.5

¢ Isolation Forest (IF) configured with a contamination rate of 0.5
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Method Capsule Nut Piggy | Mean
BTF Raw 60.4 512 492 | 53.6
BTF FPFH 83.6 653 550 | 679
M3DM PointMAE 88.8 81.8 483 | 73.0
M3DM PointBert 92.8 906 575 | 80.3
PatchCore FPFH 100.0 877 608 | 828
PatchCore FPFH+Raw 55.8 425 533 50.5
PatchCore PointMAE 85.6 753 467 | 69.2
Reg3DAD 93.6 700 483 | 70.6
FCMA + SVDD 95.0 50.0 60.0 | 683
FCMA +IF 85.0 550 55.0 | 65.0
FCMA + KDE 96.5 780 808 | 85.1
MeshDeepSVDD (Ours) 98.8 88.24 89.2 | 921

TABLE 4.2: AUC-ROC (%) performance comparison across
datasets

In terms of AUC-ROC (Area Under the Receiver Operating Characteristic
curve), MeshDeepSVDD achieved excellent scores for the three datasets and
significantly outperformed the other methods. The results are presented in
Table 4.2, where we can observe that our method has achieved 0 988, 0.920,
and 0.892 for Capsule, Nut, and Piggy, respectively. On the other hand,
the three tested methods achieved lower performance, two of which (IF and
SVDD) had a score of 0.5, having no discriminatory ability between normal
and abnormal data.

Visualization and interpretation of outlier features
As the developed MeshDeepSVDD method has shown promising results on
the public datasets, we can be confident of its ability to distinguish between

anomalous data and normal data. In the case of the human leg dataset, we
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analyzed the top ten anomalous samples identified by the highest reconstruc-
tion error. For visualization, we have chosen three methods to see the fea-
tures that make these subjects distinct from the other. First of all we wanted
to compare the volumetric differences of the identified outliers with the over-
all population, this is what Figure 4.6a illustrates, and then we also wanted
to visualize if hypothetically all of the subjects would have the same ankle,
how would the rest of the circumferences evolute, which is illustrated in Fig-
ure 3.5. These two figures revealed that the algorithm has chosen the legs
that are larger in terms of volume than the average. The lower leg of these
subjects (152, 183, 148, 187, 232) follows a similar evolution between C4 and
C20. Subjects 198, 163, and 170 are very similar in volume as well as in cir-
cumferential evolution; therefore, in the case of these subjects, Figure 4.6 did
not reveal many anomalies. On the other hand, Subject 142 has shown a com-
pletely different evolution, having a large arch shape in the lower leg region
and a linear, "more padded" upper leg region, which suggests lower muscle

development in the lower leg, very different from the average shape.

(A) Normalized volumetric plots of the (B) Ankles translated in 0, illustrating

131 legs, highlighting the ten anomalous the evolution differences of the circum-
subjects ferences along the leg

FIGURE 4.6: 2D comparison of the 10 anomalous data within
the 131 dataset

For a second visualization method, we made a call to the 16 3D projec-
tions that circle the leg in a medial - frontal - lateral and anterior direction and

describe the intrinsic shape of the longitudinal soft tissues of each leg in the
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same area. We chose to plot opposing sides of these projections in 2D (z coor-
dinates with either x or y coordinates), illustrated in Figure 4.7, where the 15
subplot represents the frontal silhouette (medial and lateral sides) and the 5"
subplot represents the sagittal silhouette (anterior and posterior sides). These
subplots and the individual plots in Appendix D can reveal exactly the out-
lier features of all 10 subjects. The highest reconstruction error subjects can
be considered as outliers (Subject 152, 183, 148, and 187) because they are
larger in size and go in the obese category. Subject 183 has a relatively thin
ankle in comparison to the large thigh and also presents a "knocked knee"
deformation, which is related to how the leg bones are aligned. This feature
can also be seen in the case of Subject 163, but this subject also has a high
hyperextension of the knee, which makes her an outlier. Subject 148 has a
distinct soft tissue structure in the lower leg, having a prominent bump be-
low the knee. Similarly, Subject 232 has a different lower leg region, but the
main difference is the thicker ankle and the lower position of the calf mus-
cle when we compare her to the overall population. Subject 150 has a very
unique fat deposit, which makes its shape outstanding. The lateral side of the
leg is straight, while the medial side is bulging, especially in the calf region.
Subject 142, as explained above with the volumetric data, shows this feature
in the geometry as well, having a disproportionate soft tissue development
in the lower part of the leg in comparison to the upper part of the leg. Projec-
tions 1,2,7, and 8 in Figure D.8 show the medial side of the leg, and beneath
the calf, we can observe a decline in soft tissue development. For Subject 198,
the lateral contour of the calf muscle is raised in a higher position in compar-
ison to others, and this can be seen on Projections 9, 10, and 15 of Figure D.5.
Another outstanding feature is the bulging popliteal fossa in the posterior

contour, behind the knee (Projections 12, 13, and 14).
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FIGURE 4.7: 16 projection of the top ten anomalous data com-
pared to the overall population of the leg dataset

Figure 4.8 sums up the above-described zones in the top ten anomalous

data.

Posture 1 Posture 2 Posture 3
Hyperextended knee Normal alignment Flexed knee

R
It

Subject 187 Subject 198 Subject 163 Subject 142 Subject 170 Subject 183 Subject 148 Subject 232 Subject 152 Subject 150

[

FIGURE 4.8: Top 10 outlier subjects from the leg dataset, high-
lighting the geometric anomalies
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4.4 Conclusions

In this Chapter, we have investigated two novel anomaly detection methods
to improve the quality of the data partitioning and remove outliers. We stud-
ied the power of a novel anomaly detection method, called MeshDeepSVDD,
which has been integrated in a Fully Convolutional Mesh Autoencoder struc-
ture, and has been tested on three object categories(nut, piggy, and cap-
sule) of the MultiSen-AD public dataset, successfully identifying the anoma-
lous data with a mean score of 0.92 AUC-ROC. This result outperformed the
traditional Support Vector Data Descriptors(SVDD), Kernel density estima-
tion(KDE), and Isolation Forest(IF) methods, which performed significantly
lower, not being able to distinguish anomalous data from normal data. Ap-
plying this method to the human leg database has successfully identified the
top ten anomalous legs in the database of 131 subjects. These subjects have
been identified as outliers for the following reasons: oversized or obese legs,
knock-kneed or hyperextension of the knee, large and oddly shaped lower
leg, especially in the case of two subjects with primary Lymphoedema, dis-
proportionality between upper and lower soft tissue development, unique
leg shape, and characteristics. The identification of such anomalies can sig-
nificantly improve the outcome of data clustering and can even be used to
detect chronic diseases like Lymphoedema.

Despite the algorithm’s success in detecting anomalies, there are many possi-
bilities for future research to be undertaken. In future works, we will address
the "black-box" issue, which is currently the main limitation of the proposed
method. This means that the lack of transparency in identifying anomalies
and clustering the data into distinct groups has to be enhanced for better

interpretability.
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Chapter 5

Proposition of a new sizing system

for the design of MCS

5.1 Introduction

Medical Compression Stockings, when donned on the leg, take up their shape
like a second skin and apply pressure; therefore, the accurate dose of com-
pression imposed by this product, critical for medical treatment of Chronic
Venous Insufficiency (CVI), is highly dependent on the shape and size of the
lower limb. Depending on the type or severity of this disease, this contact
pressure needs to be controlled in an effective way. The pressure exerted is
affected by the properties of the underlying tissue and relative proportions of
these at any particular cross-section [34]. The fit of a compression garment is
crucial in order to ensure the correct interface pressure that is going to be ap-
plied to the body part. Over the non-uniform human body shapes, the com-
pression garment with a specific tension exerts and distributes pressure un-
evenly; therefore,” the extent of pressure depends on the garment fit and con-
struction and the size and shape of the body part [35]. An insufficient pres-
sure will limit the efficacy of the compression garment; on the other hand,

too high compression can lead to discomfort and serious damage to health
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[35]. The shape of the leg has important implications in relation to pressure
and garment design/use because it is affected by the properties of the under-
lying tissue and relative proportions of these at any particular cross-section
[34]. For unusual leg sizes, shapes, or deformities, a standard ‘off-the-shelf’
stocking is unlikely to fit the patient. In these cases, MCS should be cus-
tomised to the individual limb measurements [168]. Another very impor-
tant reason to take into consideration the morphology of the human lower
limb and, by it, reevaluating the sizing systems of MCSs is because of the
high non-compliance of these compression products in the treatment of ve-
nous deficiency and lymphoedema. Many studies have been conducted to
discover the reasons for non-compliance in wearing MCSs [169], [170], [38],
and according to them, poor compliance is due to pain, discomfort, difficulty
donning stockings, tightness, feeling hot, perceived ineffectiveness, skin irri-
tation, cost, and lack of cosmetic appeal. Moreover, health practitioners are
facing a great difficulty to prescribe off the shelf products for patients suffer-
ing from leg ulcers, pointing out that with the three-point measuring method
(instep, ankle, calf), MCS only fits 53.5% of patients, and with the seven-point
measure, this number reduces to 4.7 %, which is indeed a great challenge and
difficulty for the healing process [171].

Compression therapy only benefits patients who remain compliant; there-
fore, industrials need to put much effort into the reevaluation and optimiza-
tion of the manufacturing process and product design to enhance comfort,
donning ease, pressure configuration, and size accuracy. To respond to these
requirements, we will propose in this Chapter a new sizing system that is
more adapted to the overall evolution of the leg circumferences, and we also
propose a decision tree-based size recommendation tool that could be bene-
ficial for both medical professionals to prescribe the correct product, but also

for the industrial collaborators to design their products.
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5.2 Background and literature review

Granberry et al. [46] studied the geometric variability of the lower leg to
propose a novel sizing system for active compression garments, which re-
quire high body shape and size fidelity. For this, they have conducted 3D an-
thropometrical studies to define body variability and statistically divide size
groups based on body measurements. They have highlighted that achieving
a precise fit is very challenging because of the lack of correlation between
leg measurements, and they have also suggested that, within all leg circum-
ferences, the ankle measurement is a key dimension to organize the popu-
lation into distinct groups, because this area of the body is less susceptible
to gaining weight or developing muscle mass. A second very interesting
sizing system reevaluation study was conducted by Liu et al. [146], who
studied the shape and size of the lower limb in order to provide a better fit
and proper pressure distribution of compression garments. To improve the
tit of knee-high and thigh-high compression products, the classification of
the lower limb was divided into two parts: above the knee and below the
knee. They pointed out that several individuals might have the same calf
circumference and have different thigh shapes. The sizing method used in
their study is called the multiple percentile method, which is a body-shape
focusing sizing system including numerical values for minimum, average,
maximum, and various percentiles. The resulting sizing system corresponds
to three shape classes. They defined 7 key anthropometric points to measure
and implemented 7 size increments from sizes I to VIL. They also specified
different size orientations for individuals with larger or smaller thighs. Ac-
cording to Kowalski et al. [12], custom-made compression garments are the
most accurate therapeutic products that support the external healing process.

One of the important factors in the modeling and designing of compression
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products that this paper mentions is the accuracy of the body measurements,
which can be enhanced by the use of 3D body scanners as a replacement for
the less reliable manual measurements. Jindal et al. [172], pointed out that
commercialized MCS brands, designed and manufactured in Europe should
adapt their product sizing to the morphology of the target country, where
they sell the product, the study proved that within the three available MCS
brands in India, none of them were truly correct for the morphology of In-

dian population, causing problems of donning and slippage of the product.

5.3 Methodology

To create the logic of the new sizing table, it was necessary to first identify
to which size each subject belongs in the current sizing table of Sigvaris. For

this, we have used the sizing table provided by Sigvaris for a stocking model,

visible in Figure 5.1.

Tableau de taillage — Bas autofixant Femme
Essentiel sigvaris

SEMI-TRANSPARENT

Ces bas et collants semi-transparents sont idéals pour une utilisation au quotidien* Trés confortables
et résistants, ils vous accompagnent quelle que soit la saison.

Zones

renforcées Grand Facile Adapté 3 la
talon, semelle, confort* aenfiler* morpholeg\e‘
pointe*

- snnunm Guide d'entretion
Tailler | Chevillea - - Pour prolonger |a vie de vos
Mollet (@ | cuisse(l) | | Mollet@ | cuisse(® |  Mollet(d | Cuisse | produits, utilisez un filet de lavage.
g = 1719 2735 42 - 55 ~ - — - @Lavezer\machlﬂe o
.'é 19-22 50-38 “5-58 2654 35-45 34-42 58-68 @ N'utllisez pas d'assouplissant.
o 2224 334 49-62 29-37 3949 3745 62-72 @ Séchez loin de toute source
5 24-26 37-45 54 -67 33-41 44 — 54 41-49 67-77 de chaleur.
: I 26-29 4D - 48 56 - 69 36 - L& 4656 44 - 52 69-79
ﬂ * 29-32 43-51 62-75 - - 47-55 75-85
® 4 > Hanch
Taillen | Chevillea o ®
Mollet (3 | Cuisse () | Hanches | TTREneS | | Mollet (D | Cuisse (J) | Hanches
30-38 | 45-58 <100 (100 4130 34-42 | 58-868 <108
H 33-41 49 -62 =107 107 4140 37-45 62-72 =ns
= 37-45 | 54-67 <n4 [ naaiso 41-49 | 67-77 | <128 <Y
8 40 48 | 5669 =121 121 4150 44 - 52 6979 =138
43-51 | 62-75 =121 — 47-55 | 75-85 | =138
Sambe Hanches, (J) Cuisse, (3 Mollet : o 9
Hauteur | GATRS | Pointure | Prise de mesures a ‘endroit e plus arge.
—3eza | © Cheville : Prise de mesures 3 cm au-dessus de [a malléole,
=7 36/40 sur |a partie |a plus fine.
275 37141 Q (®) Jambe : Du 5ol 3 I'entrejambe.

P Tl amar (16 far/ W) bl ol

7 5 sapela 5 - Gandeonort 04 % 6 stfactien - Bude s
Tl fermimes «cles Féorier

ke
. mnn\:wurmmummqmm»mmama Etce Harsnteactue aupisc 3 ommese lass - Forir 20

FIGURE 5.1: Sizing table of Sigvaris stocking model
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Currently, Sigvaris has a sizing chart for three morphologies. In their
terms, they call these morphologies “Standard”, for average measurements,
“Morpho minus”, for smaller calf and thigh measures, and “Morpho plus”
for larger sizes that do not fit the standard proportions. For the “Standard”
sizing chart, they have 6 sizes (XS, S, M, L, XL, XXL) available, for the “Mor-
pho minus” 4 sizes (XS, S, M, L), and for the “Morpho plus” 5 sizes (S, M,
L, XL, XXL). In addition to this, each size is available in two lengths, which

gives a total of 30 sizes for a stocking model.

Size S morpho -
Size S morpho +

FIGURE 5.2: Size assignment for current Sigvaris Medical com-
pression stockings with the help of a decision tree

To identify to which measure a new patient belongs, three circumferential
measurements are taken at the smallest girth of the ankle, at the calf, and at
the largest girth of the upper thigh. Based on this knowledge, we have built
up a logic of sizing assignment with the help of a decision tree, illustrated in
Figure 5.2, that first identifies to which range of ankle measurement the sub-
ject belongs to, then it starts to search for the calf range then the thigh range

and finally it assigns the correct size, in case it is available. Based on this
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evaluation, Table 5.1 shows the size distribution of our 258 subjects, where
we can also notice that 55 subjects, making up 21.3% of the total population,

could not be assigned a proper size.

Size Total Male % Female %
XS 2 50 50
S 67 28.36 71.64
M 72 36.1 63.9
M+ 2 100 -
L- 11 54.55 45.45
L 31 38.7 61.3
XL- 6 50 50
XL 10 60 40
XL 1 - 100
XXL 1 - 100
No size matching | 55 43.6 56.4

TABLE 5.1: Percentage distribution by size and gender

In Figure 5.3, we can visualize the size distribution of our database with
the help of the circumferential curves, where we can observe that even though
the algorithm has identified for 78.7% a matching size, the progressive evo-
lution of the circumferential values does not entirely match. We can take as
an example size XS with the two subjects, male and female, the lower leg per-
fectly superposes, but starting from the knee region, they are very different.

Similar differences can be visualized in other size groups as well.
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FIGURE 5.3: Sizing distribution visualized with the circumfer-
ential evolution curves (heights not considered)
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5.3.1 Identification of circumferential evolution patterns

Building on the idea that we have developed in Chapter 3, where we have
attempted to classify the 2D shape descriptors in 4 distinct groups, 3 of which
have proven to identify similar circumferential evolution patterns, in this
Chapter, we will further analyze the evolution curves to find all the distinct
patterns that are contained in our database.

In the state of the art, we have already reviewed the work of Liu et al.
[146], who have evoked the logic of classifying the leg into two parts: above
the knee and below the knee. For this, they have used two parameters: the
cosine value of the angle described by the calf and the two adjacent points
on a similar curve as what we are presenting, and a gradient value of the up-
per thigh, which can be lower or higher. In our case we evoked the variables
identified by the PCA, which were the C4, C8, C12, C16, C20, C24 (describing
the lower leg below the calf) and the C36 and C48 (describing the knee and
mid thigh variation), and we performed the 2D classification algorithm de-
scribed in Chapter 3 on these two segments separately to better distinguish

the evolution patterns in our data.

Subgroup 1 (Scaled) Subgroup 2 (Scaled) Subgroup 3 (Scaled)

600 4 = Closest | 00 { = Closest 600 { = Closest
== Mean == Mean == Mean

400 1 400 5 | 400
- » .
200 { / 200 / 200

0 T T T T 0 T T T T 04 T T T T T
100 200 300 400 500 600 100 200 300 400 500 600 100 200 300 400 500 600

FIGURE 5.4: Three ankle groups
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As Figure 5.4 illustrates, the algorithm has found 3 lower leg evolutions
that separate well and each describes a different development of the lower
leg soft tissue, one having a less developed muscle mass, one that is more
like an average, and one that is likely to have more subcutaneous fat present
in that area. In terms of the upper leg development in the two designated
areas (knee and mid-thigh), the algorithm highlighted 8 evolution groups,
which are illustrated in Figure 5.5. In case of the lower thigh circumference
value groups like 2,4,5, and 7, we can observe a sort of "break point" in C48,

and in case of higher values like group 1 and 3, we notice a convex curving

UL
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in C60.
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FIGURE 5.5: Eight thigh groups

If we combine these two results, it would give us 18 combinations: 8
groups for the 1 type of ankle, 8 groups for the 2" type of ankle, and 2
groups for the 3" type of ankle. These new groups are visible in Figure 5.6,
and they have a higher intergroup superposition than in our previous at-

tempts.
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Ankle 1

Ankle 2

FIGURE 5.6: 18 groups identified as unique patterns

To illustrate the differences between our groups, we took two examples of
two subgroups with similar thigh region and different lower leg region and
superposed them in Figure 5.7a (higher thigh values) and Figure 5.7b (lower
thigh values). We can observe that indeed the subgroups significantly differ
in the lower leg region. Highlighting these differences and including them
in the sizing logic and overall design of compression products is particularly
important as Compression stockings apply the highest pressure at the ankle,
gradually decreasing it towards the thigh; therefore, such a difference that
we have illustrated could have a high impact on the pressure when it is con-
sidered. The impact of different lower leg evolutions compared in the case of

the eight thigh evolutions is illustrated in Appendix D.

(A) Comparison of similar upper leg evo- (B) Comparison of similar upper leg evo-
lution (1% class) with different ankle evo- lution (2™ class) with different ankle evo-
lutions (ankle 1 and ankle 2) lutions (ankle 1 and ankle 2)

FIGURE 5.7: Visualization of similar thigh region and different
lower leg region
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5.3.2 Creation of sizing tables

To create a sizing table for each of the identified subgroups, we created a

process composed of five steps:

¢ Step 1: Computation of the mean evolution curve of each subgroup

(Figure 5.8a. ).

¢ Step 2: Scaling of the mean evolution curve to reach the minimum (527
mm) and maximum (884 mm) leg length values, with the equation 3.1

presented in Chapter 3 (Figure 5.8b. ).

* Step 3: Based on the ankle ranges defined by Sigvaris, we shift the min-
imum mean values (scaled to 527mm) on the lower ankle boundaries
(ex. for size XS, this would be 170 mm) and the maximum mean values
(scaled to 884 mm) to the higher ankle boundaries (ex. for size XS, this
would be 200 mm). We define the area contained between these two

boundaries as the range for a specific size (Figure 5.8c. ).

* Step 4: Calculation of circumferential values for short legs (616 mm)
as well as for long legs (795 mm) (Figure 5.8d. ). These two curves
will be the directing circumferential values for the calculation of the

compression stocking size, which should be available in two lengths.

* Step 5: Offsetting the defined leg range to all the available sizes (XS, S,
M, L, XL, XXL). (Figure 5.8e. ).
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FIGURE 5.8: Five steps of creating a sizing table for the identi-
fied circumferential evolutions

5.3.3 Creation of recommendation system

To facilitate the choice of size in case of a new subject, we have developed a
second application that can decide the size of compression stockings needed

through multiple steps: a decision tree

Custom-made rule-based decision tree classifier Objective: Decide in which
range of the 18 sizing tables the new subject belongs to. Decision trees are one
of the most popular machine learning methods that are used to guide a deci-
sion process [173]. The defined decision tree classifies the input data based on
a multidimensional condition matching system. First, it receives values from
the user corresponding to the circumferential values Cy4, Cg, C12,Cys, - - ., Cep
and the value of the leg length, which are retrieved from a user interface. The
rules based on which the decision is made are stored in a single table, which
contains the minimum and maximum values of each variable throughout 18

sizing tables and the decisions that need to be taken when a condition is met.
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In other words, if all the introduced values can be found in a specific sizing

table range, the tree will return the size and the name of the sizing table.

Cminxs  Clmaxxs  C8iminxs C8imaxxs Cl2iminxs C12imaxxs --- C60iminxs C60;maxxs RiXS
Cdmins  C4maxs  C8imins  C8imaxs  Cl2imins  Cl2imaxs ... C60imins  C60; maxs RS
Cdminm CdmaxM C8iminM  C8imaxM  Cl2minm  C12imaxm -++ C60iminm  C60jmaxm  RiM
Cdmint  CdmaxL  C8iminL  C8imaxL  Cl2%iminL  Cl2imaxr -+ C60iminL  C60; maxL R;L
CdminxL.  ClmaxxL  C8iminXL C8imaxxL Cl2iminxL C12imaxxt -+ C60iminxt C60;maxxr RiXL
CldminxxL. C4maxXxL.  C8iminXxL C8imaxxxL C12i minxxL C12imaxxxL --- C60iminxxL C60; maxxx. RiXXL

fori=1,...,18

The data gets filtered first by the value of C4, the algorithm checks if the val-
ues are in the row of XS (170-200 mm), S (200-220 mm), M (220 - 240 mm), L
(240-260 mm), XL (260-290 mm) or XXL (290-320 mm). This step determines
in which row the algorithm should continue to search for the rest of the val-
ues. For each of the remaining variables from C8 to C60, the function checks
whether the input lies within a series of successive column-based intervals

in the filtered row(e.g., columns 2-3, 30-31, ..., 504-505 for C8):

C4iminxs C4imaxxs C8iminxs C8imaxxs --- C8minxs C8rmaxxs .-+ CBigminxs C8igmaxxs
0 1 2 3 .. 30 31 ... 504 505
If a condition is met, the corresponding case number is added to a list. After
evaluating all inputs, the function computes the intersection of all lists, which
represents all the cases where a sizing table was assigned for all C8 - C60. We
then map each correct case with a specific column in the sizing table. For
example, if the list chose size XS and subgroup 5, it will return the value in
row 0, column 510. In case a subject was found in multiple sizing tables, the

function will return all the possible options.

Pattern recognition Objective: Compare the new subject’s circumferential

evolution to the existing 18 circumferential means (ground truth for each
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cluster) defined by the unsupervised classification, and find the matching
cluster. To achieve this objective, the input data, taken from the new subject,
was normalized with equation 3.1 and brought to the same condition as the
mean evolution to ensure comparability in the Euclidean space. The reason
behind this comparison was to select the curve that is the closest in the Eu-
clidean space to our new instance, which will allow us to select the correct
sizing table, and it would mean that the volumetric growth of the new sub-
ject follows a similar circumferential growth as one of the defined clusters. To
measure the similarity of the new instance with the existing ground truths,
the same distance matrix has been computed as what has been used in the
construction of the similarity graph for the spectral clustering algorithm. A
wrong match can be identified in the case where the algorithm would send
back as the most similar curve the name that is not present in the available
ranges defined in the previous step. In that case, it would mean that the
distance in a specific point on the curve is too large and does not fit the pre-
defined sizing ranges. This case is illustrated perfectly in Figure 5.9b., where
the algorithm named Evolution 17 is the closest ground truth evolution curve
for subject 212, who has been removed from the database, being identified as
anomalous geometry in Chapter 4. These subjects did not fit any sizing table
range; therefore, being identified as part of the 17" subgroup is false. This
also justifies the need to use both sizing table range identification and pattern

recognition as part of the final and more refined size assignment.



132 Chapter 5. Proposition of a new sizing system for the design of MCS

—— Evolution 12 —— Evolution 17

—— New patient evolution —— New patient evolution
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(A) Ground truth assignment for subject 185, (B) Ground truth assignment for subject 212,
where the recommended evolution is very close considered as outlier, where the recommended

to the real leg evolution evolution is very close to the real leg evolution

FIGURE 5.9: Visualization of a correct and wrong ground truth
assignment

Final size proposal Objective: Compare the results of the two previous
steps to correctly identify the real size of the new patient. This objective
is fulfilled by a simple verification of the available range list obtained at the
tirst step by the decision tree: if the evolution number obtained by the curve
comparison can be found in the proposed list, then the algorithm will return
a single element from the mentioned list, which suggests the correct size.
Going back to the example of the two subjects evaluated with the curve com-
parison, the final results for both subjects would be given as Figure 5.10a and
Figure 5.10b illustrates: the first subject would be assigned a short XS product
designed for Evolution 12 and the second subject wouldn’t have a matching
size, directing them towards a personalized product. As this example points
out, the algorithm will assign either a short or a long stocking, which is a sim-
ple decision taken based on the leg length entered in the interface. Given two
thresholds for each length, this is rather a simple task to program. Research
shows that height dimensions vary less within a population; therefore, it is
commonly divided into a lower number of intervals [144]. The thresholds for

the short and long products are derived from the current database.
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(A) Correct assignment of size (B) Suggestion of personalization

FIGURE 5.10: Two case scenarios as the outcome of the user
interface

5.4 Results

In this section, we are going to present the results related to the found Cir-
cumferential evolution groups, highlighting a comparison between the mor-
phological groups found in Chapter 3 and the above-described size groups

and the Sigvaris sizing.

Thigh vs Ankle Circumference Thigh vs Ankle Circumference

xS s Ll L XL XXL xs s XXL Label
-
50 w
-
e
. -
. e
-
. ? v
- . - v
. evio
n. &
o & ol o LRI . -
@ g 0% v
. [ 0 TS . e
- », N . Py
g oo ooe -
£ o s ot ¢ . e
H > % e A . [
£ . o e
L . ® . - 17
oo o XY (
400 \' L] Evig
. o *
™ I H H H N — H %) S S - H H H . .
5o 250 ED 2o 0 % E] o 0 £ 2o 0 % o

260 260
Ankle circumference (mm)(C4] Ankle circumference (mm)(C4]

(A) Data distribution of Ankle size (C4) and Upper Thigh
size (C60) by Sigvaris sizing

(B) Data distribution of Ankle size (C4) and Upper Thigh
size (C60) by Evolution type

FIGURE 5.11: 2D scatter plots showing the data distribution of

ankle size and upper thigh size, colored by the current Sigvaris

sizing and the identified 15 Circumferential evolutions (groups
with only 1 subject removed)
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In Figure 5.11, we have illustrated the distribution of our dataset based
on the ankle size at C4 and upper thigh size at C60. Figure 5.11a. shows
this distribution colored by the sizes of Sigvaris, with the gray points mark-
ing subjects without a proper fit. Based on this analysis, we can see that the
sizing lacks linear logic: subjects with similar ankle sizes can have a signif-
icant difference in thigh size. On the other hand, when we observe Figure
5.11b., where we have colored the same distribution according to the iden-
tified evolutions, we can see that our system has correctly identified pattern
in the data, showing a tendency of growth in a diagonal direction, meaning
that as the ankle size grows, the thigh size grows grows as well, and this is
true to all the values along the leg length. Figure 5.12 illustrates the linear
regression analysis that has been performed on the group of Evolution 13,
using the scikit-learn Python library [100]. Within this highlighted group,
ankle circumference was strongly predictive of thigh circumference (slope =
1.4, R? = 0.90). The high coefficient of determination suggests a powerful
linear association, with ankle circumference explaining 90% of the variance
in thigh circumference; therefore, the ankle size is an excellent predictor of
thigh size for this group, which we can use for the parametrization of the

adaptive model
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FIGURE 5.12: Simple regression line fit on the cluster of the 13"
evolution
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Figure 5.13 shows the 13" evolution group in the three states of data
transformation, separated by the Sigvaris sizes. On subplot a., the available
sizes appear offset along the leg, the evolution remaining very similar, which
is a good indicator of the above-described linearity. On subplot c., where the
evolution lines are superposed at C4, they are also very close in value at C48.
On this same figure, it can also be observed that the subjects of this group are
included in a very minimal range; the shape of the different sizes changes:
the segment between C32 and C44 has a sharp peak in C36 for XS, which gets
smaller by the increase in size, until it disappears for size L. This shows that

there is a tendency for shape change between sizes.
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FIGURE 5.13: Evolution 13, illustrated in the three data forms,
separated by Sigvaris size
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FIGURE 5.14: Evolution 12, illustrated in the three data forms,
separated by Body Mass Index (BMI), with no difference in
shape between BMI's

Figure 5.14 is an example of evolution (EV12), which demonstrates how
the body mass index does not influence the shape of the group’s individuals,
while Figure 5.15 shows an example (EV4), where subjects with lower BMI
(17-19), have a different shape that subjects with a higher BMI (23-28). This
proves that BMI is not a good indicator of shape, because it is not consistent

throughout the database, and this question needs to be further studied.
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FIGURE 5.15: Evolution 4, illustrated in the three data forms,
separated by Body Mass Index (BMI), with shape difference be-
tween BMIs
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FIGURE 5.16: Evolution 4, illustrated in the three data forms,
separated by Gender, with overlapping shapes between gen-
ders

In terms of sexual dimorphism, one interesting difference that we have

found is the uneven growth of the lower leg region between C8 and C24,

where women tend to have a straight evolution and men have a "s" shape

evolution (concave-convex).

Original Data Normalized to 41.25 mm height
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wale 500 "
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FIGURE 5.17: Evolution 9, illustrated in the three data forms,
separated by Gender, with growth difference between male and
female legs

This phenomenon is observed mostly in the case of Ankle group 2 and

Ankle group 3, and not in the case of Ankle group 1, where men’s data and

female data overlap. These two cases are best illustrated with Figure 5.16,
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where women have the same evolution as men, and Figure 5.17, where the
two genders differ. This can be because men have a larger muscle mass than
women (larger calf with minimal fat deposit); on the other hand, women tend
to have more fat deposits than men.

The remaining factor that we needed to study was the three morphological
groups and how these postural changes influence the identified evolutions.
Figure 5.18 answers this question by highlighting the groups where we have
found at least two of the three morphologies. The mean shape has been cal-
culated for each group, and the differences are mostly only visible in the posi-
tion of the lower leg. This makes us conclude that the posture of the leg, even
if it is linked to a skeletal deformation, does not influence the way the soft
tissues develop around the bone. The three morphologies defined in Chapter
3 are not directly linked to any of the specific Evolutions, which led us to the
conclusion that making the "normal" postured leg (Morphotype 2) adaptable
to all the above described evolutions would be an acceptable solution for siz-
ing table driven parametrization and having the three postures adaptable to
any Evolutions would increase the ability of the proposed method in terms

of personalization.

Evolution 15 Evolution 11 Evolution 14 Evolution 17 Evolution 2

FIGURE 5.18: Visualization of a correct and wrong ground truth
assignment
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5.5 Conclusions

This chapter was dedicated to the identification of the current sizing sys-
tem problem for medical compression stockings and the development of a
more reliable and more inclusive sizing system. On the one hand, it has been
proven that up to 21% of the subjects composing the studied database could
not find a proper fit from the ready-to-wear range, proposed by Sigvaris.
This is a rather large number of patients, who would be left with products
that would not provide the correct therapeutic effect in the treatment of CVL
As a second objective, we have identified 18 circumferential evolutions that
can cover the overall population (without counting the anomalous data),
with the help of which we could construct new sizing systems that are more
inclusive and more precise, with ranges stricter than that of the current siz-
ing system. To facilitate the medical professionals and industrial partners to
choose the correct size, we have designed a user interface that works as a
recommendation tool, using a 3-step logic in identifying the proper size for a
new patient.

The identified 18 subgroups describe highly detailed growth patterns, divid-
ing the population into two different levels: based on the lower leg growth,
where the precision is higher, and based on the thigh growth, where the pre-
cision decreases. Additionally, they are showing a linear growth pattern be-
tween sizes, which is an advance in comparison to the existing sizing system.
We have found that the ankle is a driving parameter in growth, as most of
the evolutions can be found in each ankle size category; therefore, this vari-
able can be used as a key parameter in the creation of the adaptive model.
We have also discovered that the BMI and gender are two factors that can

influence the shape of circumferential evolution within the same group, but
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they are not applicable as an absolute rule, as these observations do not re-
peat in all cases. It has been also noted that the three morphologies defined
in Chapter 3 are not directly linked to any of the specific Evolutions, which
led us to the conclusion that making the "normal" postured leg (Morphotype
2) adaptable to all the above described evolutions would be an acceptable
solution for sizing table driven parametrization and having the three pos-
tures adaptable to any Evolutions would increase the ability of the proposed
method in terms of personalization.

As in the industry, a large number of read-to-wear products proposed in
a large number of sizes is very contraindicated because of fabrication con-
straints. We acknowledge that proposing 18 different evolutions in 6 sizes
and 2 lengths each is unrealistic. Still, our approach represents a major step
towards facilitating the personalization process of compression products, as
we have identified a volumetric growth logic that allowed us the fully per-
sonalization of the parametric leg, which can be used directly in the 3D de-
sign of Compression products. In conclusion, this chapter summarizes pre-
liminary results on a sizing system-based decision aid tool, usable in the
healthcare and industrial sectors of MCS. An extended discussion of these

findings will appear in forthcoming journal publications.
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Chapter 6

Creation of adaptive morphotypes

6.1 Introduction

Parametric human models have been introduced with the purpose of simu-
lating real body shape and measurements for virtual fashion in the context
of evaluating the fit of garments or even virtual ergonomics [65] often with
application in product sizing [174] or creation of adjustable physical man-
nequins [18]. A parametric human model can be defined as a model that
is generated automatically with the help of parameters and measurements
obtained from humans, by accounting for morphological or biomechanical
properties of a target population [175]. Principal Component Analysis is a
staple method used in shape analysis and parametric modeling [65], by learn-
ing linear regression between variables, and models created this way have to
be able to simulate individual body shapes by using measures obtained in
non-laboratory environments. Research shows that two-dimensional sizing
techniques are not sufficient on their own to adequately describe the 3D body
and parametrize it accordingly. For this, it is necessary to combine quantita-
tive measurements with the corresponding 3D shapes [144]. The currently
existing conflict between sizing systems and product development has not

been sufficiently explored, which directly affects how the consumers may
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experience the garment [19], especially when the garment should act as a
second skin, in the case of medical compression stockings. Pattern develop-
ment is limited to 2D drafting, which relies on proportional expectations, and
transforming these products into 3D is rather difficult [19]; nevertheless, this
type of pattern making is a time-consuming operation. More efficient pattern
creation strategies are essential to incorporate the size and shape variation of
a given population in the design process and to find the best connection be-
tween fit, size, and shape. Proper fit and sizing could enhance clothing com-
fort, as sensed by consumers and revolutionize the manufacturing industry
[176] with possible evolvement in sustainable fabrication [18]. Through a
3D CAD system, product development could be sped up [21] by reducing
manual workflow, and it could represent a potential option for custom-fit
products, with the condition that the represented body shapes include diver-
sity.

This Chapter is dedicated to the development of 3 parametric morphotypes
that can be adapted to different circumferential evolutions defined in Chap-
ter 5, with the help of which we could direct the development of compression
garments to a personalization strategy. These adaptive morphotypes would
encompass fit, size, shape, and functionality in one user interface, offering
the option of fast product development for the industry, an easy recommen-
dation tool for medical professionals, and most importantly, wearing comfort

for patients.

6.2 Background and literature review

Serwatka et al. [177] have developed an adaptive female body morphotype
for the ready-to-wear industry, which allows the automatic grading of gar-

ment patterns, created directly on the 3D mannequin in a CAD environment.
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Garment patterns are generated according to a chosen size, facilitating in-
stant manufacturing. The parametric morphotype model is a surface repre-
sentation of a real person’s scanned body, obtained by segmenting the body
at anthropometrical heights and creating a wireframe-like structure that is
controlled by different types of parameters. These parameters can be linked
to limb length or height, to volume change, and distribution between ante-
rior and posterior parts. To control the adaptive morphotype, two command
variables are used: the stature (height) and the chest girth. The limbs also
change size with the torso, and they have achieved these changes through
linear and non-linear techniques, always dependent on the morphology of
the mannequin. Their validation technique was to compare the original man-
nequin and the adapted mannequin after significant alterations of the stature
and chest circumference, which in the end corresponded to the real shape of
the scanned subject.

Hamad et al. [178] performed an unsupervised classification on a large set of
3D scans of female torsos (478 scans of French women) and extracted three
morphotypes that represent the cluster populations. Similar to Serwatka et
al. [177], they implemented an adaptive morphotyping approach, where the
subject, representing the morphotype, was segmented in specific anthropo-
metric zones to extract contours of the body shape and to create a symmet-
ric torso wire-frame, driven by parameters and scaling axes. On this wire-
frame, the body’s surface has been reconstructed to represent the parametric
body. The adaptive mannequin can change volume and height based on di-
mensions taken from the sizing system developed at the classification stage.
The mannequin is linked to a pre-calculated spreadsheet, through which the
mannequin adapts to different sizes while maintaining its specific morpho-
logical type. The adaptive morphotype mannequin serves as a base for size

systems and is a key component for virtual clothing try-on in the textile and
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clothing sector.

An interesting example of user-specific adaptive modeling is presented in
the works of Mosleh et al. [179], who studied the morphological deforma-
tion of subjects suffering from Scoliosis, which is an abnormal lateral curva-
ture of the spine. First, they have created an adaptive 3D Vertebrae model
that can adjust to a healthy subject as well as to a Scoliosis patient. They
have completed the entire upper body skeleton, adding the thorax, clavicle,
and scapulae. This 3D model follows the deformation of the spine and ad-
justs to the size and morphology of the patient. This parametric skeleton was
placed in the interior of a healthy person and of a scoliosis patient, and a
3D adaptive garment was designed using the skeleton as a base with added
ease allowances to fit the 3D bodies. Their experimental results show that
by deforming the skeleton to a specific curvature of the spine, they can au-
tomatically adapt the 3D garment to fit the patient correctly, contributing to
thermal comfort and overall well-being of the patient.

In the case of functional compression garments, such as medical compression
garments, there have been advancements presented in the parameterization
of the lower leg region to enhance the compression accuracy. This study was
conducted by Xi et al. [14], who proved that relying purely on anthropomet-
ric parameters is not sufficient in the case of this product and that the real
shape of the calf’s curve is necessary. Their methodology involved the study
of the circumference profile of the lower leg (between the lateral malleolus
and the knee) of a population of 225 subjects suffering from CVI. Through
PCA, they have identified that with only the first PC, which accounted for
96% of the total variations, they could create a parametric model using linear
regression. The variance through the first PC that they have described has

three components:
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¢ straight or bent anterior tibia
e thick or thin gastrocnemius muscle (calf muscle)

* bulging or flat tibialis anterior muscle

Their model allows the reconstruction of the calf shape of an individual based
on a sizing factor (according to the study, this factor is situated at 60% height
between the lateral malleolus and the knee of the individual) and a corre-
sponding ratio, which represents the deviation of the individual’s calf shape
from the average calf shape. To validate their approach, they have compared
the reconstructed calf to a randomly chosen individual’s real calf shape. The
statistical analysis showed an average similarity of 0.8527, pointing out that
the errors have occurred in the ankle and knee region. The proposed model
was used to customize the size design of MCSs and evaluate the pressure

mapping of MCSs.

6.3 Methodology

One of the main objectives of this thesis is to develop adaptive leg morpho-
types to optimize the size and fit of medical compression stockings. In this
section, we will present the methodology used to create such a parametric

model that is directly linked to a sizing system.

6.3.1 Visible Human Project and bone center identification

We hypothesize that the volumetric growth of the soft tissue in the leg hap-
pens around the leg bones (tibia and femur), and especially in the case of the
tibia, which is situated in the anterior compartment of the lower leg, this vol-
umetric growth is not centralized. The majority of the muscles are develop-

ing behind the tibia, and there is less soft tissue in front than behind (Figure
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6.1a). When we want to apply volumetric growth to a leg cross-section, the
center of the bone will be a guiding point, instead of the overall barycenter of
the leg contour. For this, it is necessary to identify the bone center of all the
leg contours in the 17 heights, already presented in Chapter 3. For this, the
Visible Human Project is an ideal source as it includes digitized photographic
images from cryosectioning, digital images derived from computerized to-
mography, and digital magnetic resonance images of a male and a female
cadaver [180], usable for the study of human anatomy, and it is a common
public-domain data. One of the main steps of this task is to identify the cor-
responding 17 anatomical levels in the Visible Humans. The "Visible male"
has a height of 1,871 m, and the images of the anatomical cross sections are
taken at each 1 mm, while the "Visible female" has a height of 1.71 m and has
an image taken in every 0.33 mm. This way, they are composed of 1871 and
5189 cross-sectional images. The two landmarks, denoting the leg length, the
lateral malleolus, and the crotch point, are also easily identifiable in the case
of the anatomical sections. This way, we were able to extract the two images
from both subjects and calculate the number of images contained between
two heights. This way, we can know the length of the leg and the segment
height (leg length /16) for both subjects:

e Visible male: leg length = 768; segment height = 48; each 48" image
between the lateral malleolus and the crotch has been extracted
e Visible female: leg length = 640; segment height = 40; each 120" image

between the two landmarks has been extracted

Figure 6.1a and 6.1b show the male and female calf anatomic cross-section,
where we can observe that the male has more muscle mass, with limited fatty
tissues and well-developed calf muscle, and the female has a larger subcu-

taneous fat ratio. This observation can be made along the entire set of cross
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sections of both legs. We can also observe that the images of the male sub-
ject are taken with the leg in an "A" position, while the images of the female
subject are taken with the legs placed next to each other. This is the reason
why we have opted for the use of the male subject, as it corresponds to the

scanning "A" position of the morphotypes.

Inl§

(A) Anatomical cross section of the male (B) Anatomical cross section of the female
calf calf

FIGURE 6.1: Cryosectioning of the human leg at the level of the
calf [181]

To identify the bone centers, each anatomical section has been imported
in the form of a bitmap in Design Concept V4 from Lectra. As the pixel
dimensions of the images have been given by the source, the importation

was calculated as follows:

¢ Height = 1216 pixels * 0.33 mm/pixel = 401.28 mm
* Width = 2048 pixels * 0.33 mm/pixel = 675.84 mm

This operation was particularly important because this way the size of the
images corresponded to the size of the real leg cross-section. After importa-
tion, the outer contour of the leg as well as the outer contour of the bone, has
been traced with a spline curve. This operation allowed the calculation of the
bone barycenter, which served as a fixed point in the upcoming point-based

uniform scaling. To match the two different morphologies (the Visible male
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and the morphotype), both circumferences have been measured, and the Vis-
ible male’s circumference has been matched to the morphotype’s value, with
the above-mentioned point-based uniform scaling, to ease the matching pro-
cedure, illustrated in Figure 6.2a. With three-level transformation (rotation
Z+, translation X+, translation Y+), the above-described contours of the VH
have been duplicated with the center point to the same level (same plane),
and the transformation values have been modified until the two subjects’
contours superposed, illustrated in Figure 6.2b. This operation defined the
fixed point for the morphotype, which allowed the volumetric growth in the

following steps, illustrated in Figure 6.2c.

(A) Visible human cross section with new value of (B) Tranformation of the visible human cross (C) New point based scale of the morphotype cross
circumference (right) and morphotype cross section  section, until it matches the morphotype’s position section (red)
(left) both at the Lateral Malleolus level.

FIGURE 6.2: Methodology used for the identification of bone
centers, illustrated with an example at the ankle

6.3.2 Length adjustment

After finding the fixed reference point in the previous step, the next approach
is to create a logic that allows the parametric modification of the leg length.
For this, we have used a method that has already been proven to be effective
in the works of Serwatka et al. [177], who duplicated body cross sections to
the floor and back with a value derived from body height. In the case of the

leg cross sections, three values were necessary:

* The original Segment Height (SH) of the morphotype leg, which is

equal to the distance between the crotch and lateral malleolus divided
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by 16, also described in Chapter 3.

¢ The mean evolution’s segment height (sh), equal to 41.25 mm, resulting
from the normalization process also in Chapter 3.

* A size-defining segment height (nsh), which will define whether the leg
would be long or short, its value varying between 36.25 mm and 46.75

mm, respectively.

Based on the last two parameters, we can define a scaling factor (sf) that

is used to change the height of the new leg, and it is defined as follows:

sf =mnsh/sh (6.1)

=

= -10x SH =
T~
" =
= T >
T =
T > < T
‘| -4x SH
4xshxsf 10 x shx sf
SRS S — R ——
(A) Translating to the floor (B) Translating to back

with the original Segment Height (SH)  with a new segment height (sh) and a scaling factor (sf)

FIGURE 6.3: Methodology used to adjust the leg length

As a first step, each cross-section is translated to the floor with a multi-
plied value of SH. The example in Figure 6.3a. illustrates the cross sections of
the leg between C16 and C40, where C16 is translated in Y~ direction with a
value of 4 - SH, while C40 with a value of 10 - SH. On the contrary, when this

duplication happens, it will be translated in the opposite Y direction and
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with the new sh value, multiplied with the scaling factor, also illustrated in

Figure 6.3b.

6.3.3 Volume and size adjustment

A new set of circumferential values has been introduced for each of the levels
from C4 to C64, serving as a placeholder for the 18 mean circumferential
evolutions identified in Chapter 6. These parameters have been entitled as
C4,,C8,,C12,,...,C64,, and they are linked to an excel sheet, that allows the
importation of the 16 values simultaneously. As the sizing tables are defined
for a set of sizes ranging from XS to XXL, the adaptive morphotype has to
include a solution that allows the user to interchange between these sizes.
As presented in Chapter 5, Sigvaris defines sizes mostly based on the size of

the ankle, with the ranges and means presented in Table 6.1.

Size Range Mean

XS 170-190 180

S 190-220 205
M 220-240 230
L 240-260 250

XL  260-290 275
XXL 290-320 305

TABLE 6.1: Ankle size ranges for Sigvaris products

With this logic, it is possible to use the 18 average curves (that are nor-
malized to a leg length = 660 mm, sh = 41.25 mm), computed from the clus-
ter analysis in Chapter 5, and offset the ankle from 0 to any of the above

presented mean ankle values, as follows:

(x,y) — (x,y + Mean)
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Table 6.2 presents the offset values of the first circumferential evolution
for a size XS. These are the values that a user can introduce through the Excel

sheet as the C4,,,C8,,,C12,,,...,C64, values.

TABLE 6.2: Example values of Evolution 1 along the leg ex-
pressed in cm, as extracted from clustering and offset to an XS
ankle size

C4n C8n Cl2n Cl6n C20n C24n C28n C32.n C36.n C40n C44.n C48n C52.n C56_n C60_n C64_n

180 185 202 23.4 26.9 29.2 29.3 28.1 28.9 31.4 344 38.8 42.5 455 47.8 50.6

To be able to interchange between sizes, without the need for constant im-
portation, a new Size parameter has been defined, with the help of which we

can define a scaling factor, which is specific for the circumferential growth:

csf = Size/C4,

Size :the required mean ankle size
Where:

C4,, :the ankle value of the imported evolution

The formula used for fixed point transformation, presented in Chapter 3,
where the volumetric line plots with x and y coordinates have been scaled,

using the ankle point as an anchor, is the following;:

X =xp4+(x—xp)-s, Y =yr+y—ys)-s

We can use this formula and calculate a new set of parameters, entitled
C4,,C8,,C12y,...,C64,, where C4,, considered as the anchor point is an
exception, because it is the circumference that will newer change position,
it will always remain on the floor, therefore the scaling factor used for the

height, will not be applied:

C4p = C4y, - csf
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The remaining values will be calculated following the same logic:

C8, = C4p + (C8y - csf — C4y) - sf,
C12, = C4, + (C12, - csf — C4p) - sf,

C16, = C4, + (C16, - csf — C4p) - sf,

C64, = C4, + (C64y, - csf — C4y) - sf.

The new circumferential values are calculated based on specific evolution
rules and scaling rules, which makes it possible to scale the 2D cross sections
at every level using the bone center as an anchor point, presented in Figure

6.2c., with the following scaling factor:

S factor = Cn/Cn

Where:

e Cn, n € {4,8,12,...,64}, - correspond to original morphotype cir-
cumference
. Cnp, nei{4,8,12,...,64},- correspond to the new, parametrized and

scaled circumference

Figure 6.4 shows the size shift from a tall XS leg to a tall XXL leg as well
as the shift between the tall and short XXL and XS legs. This figure perfectly
illustrates the correct way of scaling that we have achieved with our method,
whereas the difference in circumferential size can be seen between the tall
XXL and the short XXL. The taller the leg, the larger the circumference, and
vice versa.

To achieve this shift between the sizes, the correct way to proceed is the fol-

lowing:
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Step 1: Import evolution via excel

Step 2: Modify "sf" to 41.25 mm

Step 3: Modify parameter "Size" to the required value from Table 6.1

Step 4: Modify "nsh" to either 36.25 mm for short leg, or 46.75 mm for

tall leg.

Tall XS Tall XXL Short XXL Short XS

FIGURE 6.4: Scaling example of Tall XS to Tall XXL and Short
XXL to Short XS

6.3.4 Circumferential evolution adjustment

The recommendation system developed in Chapter 5 will determine to which
of the 18 circumferential evolutions a new subject belongs, and the length
that the adaptive model should be set. Following the same methodology as
described above, the parameters C4,,, C8,, C12,,...,C64, can be changed to
any required evolution. Figure 6.5 illustrates different evolutions all set to

the same size.
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FIGURE 6.5: Evolution change for the same leg size. Dashed

blue contours belong to the mean leg shape, green contours be-

long to the imported evolution type, and red arrows highlight
the zones where the mean shape and the evolution differ.

6.3.5 Surface creation

The volumetric and lengthwise parametrization allows the creation of a sur-
face that can represent the reconstructed leg. The applied method involves
the creation of 16 equidistant points on each circumference, this distance be-
ing defined as Cnp/ 16 starting from the medial silhouette. Connecting the
corresponding points from each circumference creates a longitudinal wire-
frame structure of the leg, similar to the projection lines, obtained in Chapter
3. This process is illustrated in Figure 6.6, which also shows the shape shift

between Evolution 18 and Evolution 11 (matching the mean morphotype).
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16 echidistant points longitudinal spline Patchwork surface, Patchwork surface,
placed on every curves, connecting the  representing a the 18" representing a the 11"
circumference corresponding points evolution evolution

FIGURE 6.6: Patchwork surface creation using the wire-frame,
constructed on the parametric cross-sections

6.4 Results

To address the research objectives highlighted above, we have experimented
with the three adaptive morphotypes identified in Chapter 3, changing some
parametric aspects and verifying the resulting geometric shapes. One of the
main variables that we could experiment with was the circumferential evo-
lution that the morphotype should follow. Based on the findings in Chapter
5, we have tested the parametric leg by adapting its C4,, C8,, C12,, ..., C64,
values to the 18 different circumferential evolutions. Figure 6.7a presents
the geometric differences compared between the 18 identified circumferen-
tial evolutions, described with the help of 8 pair projection lines. The ankle
size of the morphotype corresponds to an "M" size, equal to 230 mm, while
the rest of the circumferential height reveals the variation between the evo-

lutions.
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Frontal silhouette Sagittal silhouette Frontal silhouette Sagittal silhouette
Projection 1 & Projection 9 Projection 5 & Projection 13 Projection 1 & Projection 9 Projection 5 & Projection 13

EVl SH 31

—— EV2 == SH 36

w— EV3 | = SH 46
EV4 | SH 51
EV5

— EV6
EV7 |

= EV8

— EV9
EV10

m— EV11

— EV12
EV13 2\
EV14

m— EV15
EV16

w— EV17

w— EV18
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tions lution 9

FIGURE 6.7: Geometric differences between the generated
parametric legs, illustrated with the lateral and sagittal silhou-
ette projections

Figure 6.8 represents the 18 evolutions of the size "M" Morphotype 2 from
a frontal and side view, where we can visualize the versatility in shape that

the parametric model can achieve, with only a simple importation command.

Frontal view Side view

EV1 EV% EV3 EV4 EV5
EV10 EV11 E
FIGURE 6.8: Geometric differences between the 18 identi-

fied circumferential evolutions, illustrated with the 3D surface
model of the parametric leg

V12 EV13 EV14 EV15 EV16 EV17 EV18 EV10 EV11 EV12 EV13 EV14 EV15 EV16 EV17 EV18

The second parameter is the leg length, as in general, the sizing of the
length is available in less dimensions as the volume related measures, gen-
erally in two lengths, we have tested the accuracy of the model in terms of
length adaptation for four segment heights: SH1 = 31 mm, SH2 = 36 mm,

SH3 = 46 mm, SH4 = 51 mm, where SH1 and SH4 are min and max values of
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leg length in our database and SH2 and SH3 are the two sizes determined for
"short leg" and "long leg". As can be seen in Figure 6.7b, the volume of the
leg changes according to the height; shorter legs will have smaller circum-
ferences than the longer versions. It can also be observed that the geometry
does not suffer from any form of distortion; it maintains the original shape
of the leg evolution. This length change can also be visualized in Figure 6.7b,

where we have illustrated the resulting leg shapes.

Frontal view Side view

SH =31 SH =36 SH = 46 SH =51 SH =31 SH = 36 SH = 46 SH =51

FIGURE 6.9: Change of the length parameter, illustrated in four
stages of segment height

The third parameter that we have tested was the size of the ankle, based
on which the adaptive leg is graded. After the importation of the required cir-
cumferential evolution, a "Size" parameter can be defined, described in 6.3.3.
The results can be illustrated for two different Evolution types: Evolution
5 and Evolution 18, in Figure 6.10, where the 8 pairs of projection plots re-
veal the two different shape evolutions and the corresponding grading from
size XS to size XXL. The main difference between these two types of evolu-
tions can be observed in the mid thigh region, where the 18" Evolution has
a larger volume, as well as in the shape of the lower leg, with a completely
different volumetric growth. In this Figure, we can also observe the effect of
using the bone center as a guide for volume growth, as the volume is grow-
ing differently in certain zones. For example, Projections 3,4,5, and 6 reveal

that indeed the model does not place much volume in front of the tibia bone
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in the anterior compartment of the lower leg. Another fixed point is visible
on Projection 7 (Subplot 7, right), which is a concave segment of the anterior-

lateral part of the knee, creating a visible inner bump in that region.

(A) Geometric differences between the (B) Geometric differences between the
sizes of Evolution 5 (XS, S, M, L, XL, XXL) sizes of Evolution 18 (XS,S,M,L,XL,XXL)

FIGURE 6.10: Comparison of size growth between two different
circumferential evolutions

The resulting sizes of Evolution 5 are presented in Figure 6.11 in a frontal
and sagittal view, showing that even though we are manipulating the geom-
etry by scaling around a fixed bone barycenter, the resulting form perfectly

resembles a real, possible leg shape.

Frontal view Side view

ARARE

|

XS S M L XL  XXL XS S M L XL  XXL

FIGURE 6.11: Size growth of the parametric leg, adapted for
Evolution 5
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To test the validity of the proposed model, three subjects have been cho-
sen from the existing leg database based on the following criteria: they should
have the same ankle and calf size, and they should be in different morpholog-
ical groups. With this choice, we wanted to demonstrate that even if someone
has the same ankle and calf size, the rest of the circumferential values can be
significantly different, proving that a three-point-based sizing system, cur-
rently used in the industry, is not the optimal choice. The circumferential
values of the three selected subjects are presented in Table 6.3. These values
are also represented in the form of a 2D volume plot in Figure 6.12, which
shows the superposition of volume in the ankle and calf, but also reveals
that the values in between and above differ.

TABLE 6.3: Real circumferential and Segment Height values of
Subject 21, 80, and 118

Subject C4 C8 C12 Cl6 C20 C24 (C28 (C32 (C36 C40 C44 (C48 C52 C56 Ce0 Cé64 SH

21 221 225 255 298 350 373 351 329 367 376 417 470 520 556 572 593 45.12
118 221 235 268 312 354 372 365 340 345 363 362 397 440 478 513 546 40.82
80 221 247 287 325 357 364 346 331 365 386 408 447 483 516 552 588 44.35

700

—— Subject 21, Cluster 1
—— Subject 118, Cluster 2
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FIGURE 6.12: The three chosen subjects from different morpho-
logical groups, same ankle and calf sizes

The same observation can be made when the overall geometry is com-
pared between these three subjects. The ankle and calf sizes might be very

similar to each other, but there are major morphological alterations that are



160 Chapter 6. Creation of adaptive morphotypes

illustrated in Figure 6.12. Having chosen these subjects from the three iden-
tified morphologies, the first observable difference is the posture of the leg,
then other soft tissue changes can be observed, especially in the case of Sub-

ject 21, who is a muscly figure.

Projection2 and Pojectionlo Projection3 and Pojectionl 1 Projectons and Projection]2____ Projection and Projecton13

—— Subject 21
—— Subject 80
—— Subject 118

FIGURE 6.13: Geometric comparison of the selected 3 subjects

According to the recommendation system that we have presented in Chap-
ter 5, Subject 21 corresponds to an Evolution 1, size M, long, Subject 118 to
an Evolution 15, size S, short, and Subject 80 to an Evolution 9, size M, long
leg (Table 6.4).

TABLE 6.4: Recommendation system results

Subject Size Evolution Length

21 M Evolution 1 long
118 M  Evolution 12  short
80 M  Evolution9 long

Based on the recommendations presented in Table 6.4, we have tested the

volumetric outcome of the parametric leg in two conditions:

* Case 1: The parametric leg adapted to the recommended evolution, set
for the recommended size and length

* Case 2: The parametric leg adapted to the recommended evolution,
set for the real ankle size and segment height of the subject ("Semi-

personalization”)

The results of this experiment are illustrated in Figure 6.14, where the

three volumes of each subject’s leg are compared. It can be observed that in
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both cases, the region of the lower leg is very close to reality, a little closer in
case two, when the ankle is personalized, but in the upper leg region, there
is a larger difference. Even though the semi-personalization has produced
closer values in the case of Subject 21 and Subject 80, in the case of Subject
118, it had a reverse effect. This can be explained by the relation between
the short and long segment values and the real height of the leg. The closer
the real segment height is to the mean value of short or long leg, the better
the semi-personalization gets in comparison to the proposed size. For ex-
ample, the real segment height of Subject 21 is equal to 45.12 mm, and the
mean value of long legs is 46.75 mm. In this case, the semi-personalization
result was better than the proposed size (Figure 6.14a.). On the other hand,
in the case of Subject 118, these values are 40.82 mm and 36.25 mm, the real
segment height being higher than the mean value, producing a larger leg size
than the recommended one. If we see the overall results of the recommended
size, we can conclude that in the lower leg region, the produced legs have a
higher overlapping ratio, which is promising, as in the case of the compres-
sion stockings, this part needs to have a better fit, having a higher pressure

gradient.

mmmmmmmmmmmmmmmmmmmmm

(A) Subject 21 (B) Subject 118 (C) Subject 80

FIGURE 6.14: Circumferential evolution and volume change

between the original values and the adapted values in two con-

ditions: one using the recommended evolution in correspond-

ing size and length, the other, also using the recommended evo-

lution, with the "Size" parameter set to original ankle size and
the "NSH" parameter set to original segment height
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The semi-personalized method has produced a rather unstable result in
comparison to the recommended size; therefore, opting for a full personal-
ization is a better approach, as introducing real values of the leg in the para-
metric model can reproduce a higher accuracy. This is what has been tested
for the three morphological groups in the case of the three subjects. Fig-
ure 6.13 demonstrates the original geometry of each subject compared to the
adaptive morphotype, set to the real circumferential values and real segment
height of the person. The figure represents the frontal and side silhouette
of each subject in question. Even though there is no perfect overlapping of
the two geometries, the resulting leg shapes are still very similar, and they
validate the postural differences between the three morphological groups as
the posture of each subject overlaps with the posture of each morphotype.

Appendix G shows the full geometric comparison of the 3 subjects.

~—— Real —— Real —— Real
~—— Adapted ~—— Adapted ~—— Adapted

(A) Subject 21, original geometry (B) Subject 118, original geometry (C) Subject 80, original geometry
and the adapted version of and the adapted version of and the adapted version of
Morphotype 1 Morphotype 2 Morphotype 3

FIGURE 6.15: Geometric comparison of the selected 3 subjects
in original and adapted form

In terms of volume, that has been extracted directly from the CAD soft-
ware, the following error calculation formulas have been used:

Let

* Vs be the original volume of the leg;

* Viest be the adapted volume of the leg.
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Absolute error

AV = |Vtest - Vref|

Relative error

L _ AV
' |Vref|
AV
%) = —— % 100
o) =

The results of the error calculations are presented in Table 6.5, where the rel-
ative error is the highest in the case of subject 21, with a value of 2.85%. It has
already been mentioned that this subject has a muscular configuration, with
a bow leg deformation, which makes its intrinsic shape particular, with mus-
cles bulging in the thigh area and the knee pushed to the left. The morpho-
types are computed as the mean shape of the cluster population. Therefore,
they are smoothed in surface, losing personal features that are present in real
legs. This is the reasoning for the increase in volume for this subject; a perfect
overlap could not be reproduced (See Appendix G, Figure G.1). This volume
increase in the case of the other two subjects is negligible, and the geomet-
ric overlapping between the original geometry and the adapted geometry is
better.

TABLE 6.5: Volume error results

Volume  Subject21 Subject 118 Subject 80

Original(L) 2,51 2.01 2.30
Adapted(L) ~ 2.58 2.04 232
AV(L) 0.07 0.03 0.02
er (%) 2.85 1.62 0.69

As an experiment, the 2D patterns of each of the 3 morphology represen-
tatives have been computed in Wecov3er CAD software to visualize the re-
sulting patterns” shape. First, the 1-piece pattern has been computed with
the cut placed in the back of the leg (= Projection 13), which has not re-

vealed much difference between the morphologies. The second trial was
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translated into a 2-piece 2D pattern with the cuts on the back and front of
the leg along Projection 13 and Projection 5, revealing the difference of the
first morphology but not the other two. The third trial translated the legs
in a 4-piece pattern, with the same front and back cut, and additionally on
the two sides along Projection 1 and Projection 9. This last experiment could
correctly translate the 3D shape into a 2D state, also revealing the differences

among all three morphologies. The results can be observed in Figure 6.16.
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Tuvw

Adapted 1 piece 2 piece 4 piece
3D leg pattern pattern pattern

Morphology 2 Morphology 1
Subject 21

Subject 118

Morphology 3
Subject 80

FIGURE 6.16: 2D patterns generated from the adapted geome-
try of the three morphology representatives in 3 different con-
figurations: 1 piece, 2 piece and 4 piece models

6.5 Conclusions

In this chapter, we tried to answer our third research question, which was
concentrated on the development of adaptive leg morphotypes that could be

used to optimize the size and fit of medical compression stockings. For this,
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we have leveraged the morphological and size-related findings in Chapter 3
and Chapter 5 respectively, and have created 3 parametric leg models that
are adapting based on a systematic recommendation from a sizing table to
a proper fit. For this, we have made a call to the Visible Human project to
identify the necessary bone centers in 17 anthropometric heights along the
leg, which served as guiding points for the volumetric growth.

The resulting adaptive leg morphotypes can be manipulated by changing
three sets of parameters: the circumferential values of the identified evolu-
tion (C4,, C8,,,C12,, ..., C64y,), the new length (NSH = [36.25,46.75]), and the
new ankle size (Size). Based on these three parameters, the model changes
to a recommended size from a predefined sizing table. The experimental re-
sults show that the parametric model can reproduce very close volumes in
the lower leg region and acceptable volumes in the thigh region, which is an
achievement, as the medical compression stockings have to have a better fit
in the lower leg, especially at the ankle and calf levels. The model has also
been tested for semi- and fully-personalized modes, from which we have
concluded that the semi-personalization could be more reliable than the size
adaptation, and the fully-personalized version is the best way of producing
this type of medical product, because it could achieve a volume match of
2.85% relative error, even in the case of a subject with differentiated mor-
phology. The adaptive leg has demonstrated the possibility of the automatic
development of medical products that can either create a fit using prede-
tined sizes or by using personal data. The size of the compression stocking
pattern can be calculated and modeled from the values of the parametric
leg, automatically, so that it would respect the graduated compression rule
that the product imposes, following the rigidity and mechanical properties

of the knitted fabric. This represents a future direction and continuation of
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the project that would ultimately revolutionize the way we design compres-
sion products. However, the methodology presented shows great potential
in the personalization approach; there are also some drawbacks to this tech-
nology, as the industrialization process of such a large number of sizes and
shapes is not yet possible due to time and production cost, and current knit-
ting technology. The results discussed here form the basis of an article that
is in preparation for submission to a peer-reviewed journal, which will detail
the automatic creation of adaptive leg models, also integrating the upcoming

research about the adaptive compression stockings.

N7
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Chapter 7

Conclusions

This thesis aimed to investigate the morphological variability of the human
leg to reevaluate the current design of Medical Compression Stockings (MCS),
to address the size and shape-related issues present in the ready-to-wear
medical products, which slip, fall, and create discomfort for patients, who
fall out of standard sizing, hence directly contributing to non-compliance and
treatment failure. This thesis examines the power of unsupervised and deep
learning methods in the identification of morphological groups and anoma-
lous representatives extracted from different data forms: multidimensional
shape descriptors, point-clouds, and triangular meshes, leveraging this in-
formation to create a workflow that not only automates the design process
of Compression products, but also provides a decision tool for medical pro-
fessionals in the form of a size recommendation tool. In addition to this,
the deep learning model represents a novel approach to anomaly detection
in medical data, offering the potential to identify leg geometries associated
with chronic diseases.

In the following section, we provide a detailed overview of the research con-
tributions that we have achieved during this study, providing an answer to

the research questions. We finalize this document with a discussion of the
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future perspectives, which provide a view of the directions that could poten-

tially advance the field.

7.1 Overview of main findings

RQ1 How can Al techniques detect abnormal leg morphologies relevant

to MCS treatment?

Classification algorithms are sensitive to outliers. Given the relatively
small dataset size, with only 131 representatives, some of which can present
early signs of lymphoedema, or other physiological markers that distinguish
them from other subjects, with features that could potentially perturb the
algorithm from identifying homogeneous morphological groups, it was nec-
essary to study the dataset from the point of view of anomalies. To solve the
issue of such data, we have investigated two novel anomaly detection meth-
ods along with a clustering method. By automatically learning latent features
from the point cloud of the leg database through a novel Deep Convolutional
Transform learning model, which optimally represents the 3D legs in a lower-
dimensional space, we could cluster the data in four distinct groups using
K-means clustering. Combining Deep Convolutional K-Means (DCKM) and
Elliptic Envelope for anomaly detection has demonstrated its effectiveness in
identifying morphological deviations, as 8 outliers have been correctly iden-
tified in an explainable manner. Each of the 7 outliers has demonstrated geo-
metrical deviations from the overall dataset. While the DCTL framework ex-
tracts meaningful features using convolutional operations, the Elliptic Enve-
lope method enhances the process by identifying potential outliers within the
clusters, boosting anomaly detection accuracy and clustering performance.

The second anomaly detection method, called MeshDeepSVDD, has been
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integrated into a Fully Convolutional Mesh Autoencoder structure and has
been tested on three object categories (nut, piggy, and capsule) of the MultiSen-
AD public dataset, successfully identifying the anomalous data with a mean
score of 0.92 AUC-ROC. This result outperformed the traditional Support
Vector Data Descriptors(SVDD), Kernel density estimation(KDE), and Isola-
tion Forest(IF) methods, which performed significantly lower, not being able
to distinguish anomalous data from normal data. Applying this method to
the human leg database has successfully identified the top ten anomalous
legs in the database of 131 subjects. These subjects have been identified as
outliers for the following reasons: oversized or obese legs, knock-kneed or
hyperextension of the knee, large and oddly shaped lower leg, especially in
the case of two subjects with primary Lymphoedema, disproportionality be-
tween upper and lower soft tissue development, unique leg shape, and char-
acteristics. The identification of such anomalies can significantly improve the
outcome of data clustering and can even be used to detect chronic diseases
like Lymphoedema.

Despite the algorithm’s success in detecting anomalies, there are many possi-
bilities for future research to be undertaken. In future works, we will address
the "black-box" issue, which is currently the main limitation of the proposed
method. This means that the lack of transparency in identifying anomalies
and clustering the data into distinct groups has to be enhanced for better

interpretability.

RQ2 What are the most effective combinations of unsupervised cluster-
ing and deep learning methods for classifying 3D leg morpholo-
gies and supporting adaptive design rules for medical compression

stockings (MCSs)?

The staple method in the classification of 3D anthropometric data is PCA,
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either applied to anthropometric measurements or normalized point clouds,
obtained from 3D body scans. These methods, in case of the 1D measure-
ments, are proven insufficient when the shape of the body has a high impact
on the intended product, and in case of the 3D point clouds, are posture sen-
sitive. Deep learning methods from non-Euclidean data are more and more
widespread and have achieved success in classification tasks, detangling in-
trinsic and extrinsic shape on labeled data. With the lack of such labeling,
the explainability of the achieved results is diminished, creating a "black-
box" effect, which makes these models less trusted. To be able to include in
our analysis the concept of shape, size, and posture, we have experimented
with multiple forms and dimensions of human legs and their anthropomet-
ric measurements. The main classification algorithm that we have used was
spectral clustering, which, based on the state of the art, is an excellent method
when the data has a nonlinear structure. To feed this algorithm, first of all, we
have studied the variation of the 1D shape descriptor extracted from the 3D
legs by capturing the variability of 16 circumferences, measured at equally
spaced intervals along the leg’s length through PCA. This analysis made us
focus on the eight most variable zones on the leg which were captured at
C4, Cg, C12, C16, Co0, Co4, C36, C4g and further proved that, simply clustering
the first three principal components (overall size, lower-leg features, mid-
leg features) does not correctly describe the shape of the leg, because it pro-
duced four groups that are dissimilar in size between groups but they also
differ in shape within the groups. As a second achievement, we have suc-
cessfully identified three morphological groups that are distinct in posture,
two of which result from either hyperextension of the knee or flexion of the
knee, which are both deformations of the skeletal system. This was achieved
by leveraging the 3D shape descriptor that has been developed in CAD using

projection lines to collect the simplified longitudinal intrinsic shape of each
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leg in 16 anatomical sites. This simplified shape has been introduced in the

spectral clustering algorithm on multiple levels:

¢ first, each projection has been clustered individually, following the rec-
ommended number of clusters and number of neighbors, and extract-
ing the Laplacian matrix

¢ secondly, the Laplacian matrices have been summed to create a final

partitioning.

The results indicate that the likelihood of these deformations occurring in a
relatively young and healthy population is high, as the cluster sizes are simi-
lar. This leads us to conclude that, for this methodology to go beyond merely
disentangling posture, a larger database for each posture would be required.
Furthermore, in the case of the leg, this is not simply a matter of posture
sensitivity - it must be recognized that the 'normal’, relaxed posture of some
subjects is itself altered. Even though the three morphotypes extracted from
the three groups only differed in posture and the way the femur and tibia are
connected, they still served as an optimal geometric base for the parametric
legs.

The final sizing results have been extracted with the help of the 2D shape
descriptor combined with the results of the PCA. The 2D shape descriptor
is a normalized and superposed 2D graph of the 16 circumferences(y coor-
dinates) and the corresponding heights (x coordinates). Based on the most
variable zones of the leg, we could divide the classification of the 2D shape

descriptor into three steps:

* By selecting only the coordinates of the most variable features in the
lower-leg Cy4, Cg, C12, C16, C20, Co4 and partitioning data in 3 very well

defined "Ankle" groups
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* By selecting only the coordinates of the most variable features in the
upper-leg CssandCyg and partitioning data into 8 "Thigh" groups

* By combining "Ankle" and "Thigh" labels, resulting in 18 evolution groups.

The identified 18 subgroups describe highly detailed growth patterns, divid-
ing the population on two different levels: based on the lower leg growth,
where the precision is higher, and based on the thigh growth, where the pre-
cision decreases. Additionally, they are showing a linear growth pattern be-
tween sizes, which is an advance in comparison to the existing sizing system.
We have found that the ankle is a driving parameter in growth, as most of
the evolutions can be found in each ankle size category (Sigvaris ankle size);
therefore, this variable can be used as a key parameter in the creation of the
adaptive model. We have also discovered that the BMI and gender are two
factors that can influence the shape of circumferential evolution within the
same group, but they are not applicable as an absolute rule, as these obser-
vations do not repeat in all cases. It has been also noted that the three mor-
phologies are not directly linked to any of the specific Evolutions, which led
us to the conclusion that making the "normal" postured leg (Morphotype 2)
adaptable to all the 18 evolutions would be an acceptable solution for sizing
table driven parametrization and having the three postures adaptable to any
Evolutions would increase the ability of the proposed method in terms of

personalization.

RQ3 How can morphological data be used to create a comprehensive sys-
tem for automated sizing and fitting of medical compression stock-
ings (MCSs), based on leg shape, pressure mapping, and fabric

properties?
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To answer this research question, we needed to identify the current siz-
ing system problem for medical compression stockings to be able to develop
a more reliable and more inclusive sizing system. On the first hand, it has
been proven that up to 21% of the subjects composing the studied database
(55 out of 258 subjects) could not find a proper fit from the ready-to-wear
range, proposed by Sigvaris. This is a rather large number of patients, who
would be left with products that would not provide the correct therapeutic
effect in the treatment of CVI.

With the 18 new mean circumferential evolutions identified and presented
in the previous point, we have created new ranges for 18 new sizing tables.
To facilitate the medical professionals and industrial partners to choose the
correct size, we have designed a user interface that works as a recommen-
dation tool, using a 3-step logic in identifying the proper size for a new pa-
tient. Based on this recommendation, one of the three parametric legs can be
adapted to a predefined size and evolution. To create a volumetric growth
logic for the morphotypes, we have made a call to the Visible Human project
to identify the necessary bone centers in 17 anthropometric heights along the
leg, which served as guiding points for the volumetric growth.

The resulting adaptive leg morphotypes can be manipulated by changing
three sets of parameters: the circumferential values of the identified evolu-
tion (C4;, C8;,, C12,,...,C64;), the new length (NSH = [36.25,46.75]), and the
new ankle size (Size). Based on these three parameters, the model changes to
a recommended size from a predefined sizing table.

The experimental results show that the parametric model can reproduce very
close volumes in the lower leg region and acceptable volumes in the thigh
region, which is an achievement, as the medical compression stockings have
to have a better fit in the lower leg, especially at the ankle and calf levels.

The model has also been tested for semi- and fully-personalized modes, from
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which we have concluded that the semi-personalization could be more reli-
able than the size adaptation, and the fully-personalized version is the best
way of producing this type of medical product, because it could achieve a
volume match of 2.85% relative error, even in the case of a subject with dif-
ferentiated morphology. The adaptive leg has demonstrated the possibility
of the automatic development of medical products that can either create a
fit using predefined sizes or by using personal data. The size of the com-
pression stocking pattern can be calculated and modeled from the values of
the parametric leg, in an automatic way, so that it would respect the gradu-
ated compression rule that the product imposes, following the rigidity and

mechanical properties of the knitted fabric.

7.2 Limitations

While this study provides valuable insights into the morphological variabil-
ity of the human leg, it is not without limitations, which open up discussion

and may suggest paths for future investigation.

The 3D shape descriptor proved to be very useful in both the classification
task and the explanation of the resulting cluster geometry. It is also usable
for direct comparison between the original geometry and the reconstructed
geometry. However, the collection of such a descriptor is a time-consuming,
manual operation, which is not practical in the case of large datasets. To
resolve this problem, which comes from the hand-crafted nature of the pro-
posed 3D shape descriptor, an automated methodology could be developed,
using topology-preserving mesh morphing, to obtain a triangular mesh sim-
ilar to what we have presented in Chapter 4, and extract the projections as

geodesic paths to obtain the intrinsic shape of the leg in different anatomical
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zones. This would allow a faster exploitation of larger datasets, extending
the possibility to deep-learn latent features in an unsupervised manner.

Like most deep learning approaches, our anomaly detection model (Mesh
DeepSVDD) also suffers from the limitation of explainability. Despite the al-
gorithm’s success in detecting anomalies, there are many possibilities for fu-
ture research to be undertaken. The "black-box" issue has to be addressed to
ensure transparency and interpretability in identifying anomalies and clus-
tering the data into distinct groups.

In the industry, a large number of read-to-wear products proposed in a large
number of sizes is very contraindicated because of fabrication constraints.
We acknowledge that proposing 18 different evolutions in 6 sizes and 2 lengths
each is unrealistic. Still, our approach represents a major step towards facili-
tating the personalization process of compression products, as we have iden-
tified a volumetric growth logic (using the bone center as a guiding point for
scaling) that allowed us to fully personalize the parametric leg, which can be
used directly in the 3D design of Compression products.

The three morphological groups are correctly identified and describe real
postural deformations of the studied population. In this research, we have
found that these deformations do not influence the volumetric growth pat-
tern of the legs, but geometrically speaking, they are distinct. It still needs
to be proven whether the same compression stockings behave differently on
the three morphotypes, and to evaluate if the comfort of wearing changes
between subjects who are wearing the same product but have different pos-
tures of their leg. This step would be necessary for the implementation of

postural-related compression design in the industry.
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7.3 Future research perspectives

1. Expanding the dataset to include Lymphoedema subjects and other
shape deformations linked to the lower limb. The current work has been
conducted on a database composed of healthy subjects, with only a few
representatives of early-stage Lymphoedema. It would represent a great
advantage to compose a database focused on chronic diseases that alter
the shape of the leg, as applying the same volumetric growth compari-
son and geometric comparison on lymphoedematous legs as presented
in this dissertation would potentially reveal specific patterns, where the
lymphatic fluid can build up. As lymphoedema often occurs in only one
leg, leaving the other in a normal shape, it would also be interesting to
compare the localized, anatomically specific projections of the normal
and lymphoedematous leg, revealing where exactly and how exactly the
lymphatic fluid alters the shape of the leg. We believe that this approach

has great potential in the medical field.

2. Deep learning, applied on the CT images of Lymphoedema patients.
Building on our approach of parametric modeling of the lower limb,
where we used the bone center as the guiding point for scaling the vol-
ume of the leg, we hypothesized that the soft tissues develop less in front
of the tibia than behind. In order to be able to apply a similar method to
simulate the growth of a lymphoedematous leg, it would be necessary to
study in depth the zones where the lymphatic fluid builds up. In the case
of lymphoedema, we can not yet certainly determine whether the same
logic could be applicable. If such a database could be acquired, it would
not only answer this question but also contribute to the development of

digital twins of the inner soft tissues used in finite element modeling.
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3. Integration of Explainable AI in the FCMA model. Despite the pro-
posed algorithm’s success in detecting anomalies, there are many pos-
sibilities for future research to be undertaken. In future works, we will
address the "black-box" issue, which is currently the main limitation of
the proposed method. This means that the lack of transparency in iden-
tifying anomalies and clustering the data into distinct groups has to be

enhanced for better interpretability.

4. Integration of the mechanical properties of the knitted fabrics and the
graduate compression rules of medical compression stockings in the
adaptive modelThe size of compression stocking pattern can be calcu-
lated and modeled from the values of the parametric leg, in an automatic
way so that it would respect the graduate compression rule, that the
product imposes, following the rigidity and mechanical properties of the
knitted fabric. This represents a future direction and continuation of the
project that would ultimately revolutionize the way we design compres-
sion products. However, the methodology presented here shows great
potential in the personalization approach; there are also some drawbacks
to this technology, as the industrialization process of such a large number
of sizes and shapes is not yet possible due to time and production cost,

and current knitting technology.

5. Development of a 3D knitting pattern, suitable for knitting seamlessly
on flat knitting machines. There are multiple ways of knitting com-
pression products, which can vary in function depending on the treated
disease. For example, for CVI, they use circular knitting machines, and
for lymphoedema, flat knitting machines are used. Some advancements
have already been made in the direction of generating knitting patterns

directly from 3D meshes; therefore, there is great potential in the use
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of a 3D mesh in the form of a compression stocking, where the graded
pressure and fabric rigidity have already been calculated. If the whole
process of sizing can be automated, also conserving the shape of the
leg, it would make the industrialization faster with more reliable med-

ical products.

6. Integration into Symphonies project. This project aims to develop a
digital solution to improve the care of patients with lymphoedema, af-
tecting over 250000 people just in France. The developed digital tools
will not only be useful for the patients and healthcare professionals to
follow up on the development of the disease, but also for the industrial
partners, who will be able to use these tools for better and more inclu-
sive product design, and by this revolutionizing the medical textile mar-
ket. For this digital tool, we have developed the adaptive morphotypes
in a CAD software that is highly computational, license-dependent, and
not yet included in the user interface. Our team has been working on
a solution that would extract the adaptive morphotype from the CAD
software and integrate the recommendation tool developed in this thesis
into a web service that would send back the 3D mesh file, adjusted to
the users’ requirements. This 3D mesh could be further used by other
members of the Symphonies project, directly, without the need for addi-
tional software. The architecture of the web service under development

is illustrated in Figure 7.1.
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In this appendix, we are showing the four groups identified by the 2D shape

descriptor in the first phase, presented in Chapter 3.
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FIGURE A.1: Ankle size XS (170 - 200 mm), S (200 - 220 mm),

M (220 - 240 mm), L (240 - 260 mm), XL (260 - 290 mm), XXL

(290 - 320 mm) as taken from Sigvaris sizing table os medical
compression stockings.
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Appendix C

Population of morphological Mean shape of morphological
groups groups
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FIGURE C.1: Projection 1 - Population by cluster and mean
shapes in two views Frontal view with x and z coordinates (top)
and side view with y and z coordinates (bottom)
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Population of morphological Mean shape of morphological
groups groups
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FIGURE C.2: Projection 2 - Population by cluster and mean
shapes in two views Frontal view with x and z coordinates (top)
and side view with y and z coordinates (bottom)
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FIGURE C.3: Projection 3 - Population by cluster and mean
shapes in two views Frontal view with x and z coordinates (top)
and side view with y and z coordinates (bottom)
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Population of morphological

Mean shape of morphological
groups groups
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FIGURE C.4: Projection 4 - Population by cluster and mean
shapes in two views Frontal view with x and z coordinates (top)

and side view with y and z coordinates (bottom)
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FIGURE C.5: Projection 5 - Population by cluster and mean
shapes in two views Frontal view with x and z coordinates (top)
and side view with y and z coordinates (bottom)
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Population of morphological Mean shape of morphological
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FIGURE C.6: Projection 6 - Population by cluster and mean
shapes in two views Frontal view with x and z coordinates (top)
and side view with y and z coordinates (bottom)
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FIGURE C.7: Projection 7 - Population by cluster and mean
shapes in two views Frontal view with x and z coordinates (top)
and side view with y and z coordinates (bottom)



Appendix C. 205

Population of morphological Mean shape of morphological
groups groups
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FIGURE C.8: Projection 8 - Population by cluster and mean
shapes in two views Frontal view with x and z coordinates (top)
and side view with y and z coordinates (bottom)
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FIGURE C.9: Projection 9 - Population by cluster and mean
shapes in two views Frontal view with x and z coordinates (top)
and side view with y and z coordinates (bottom)
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Population of morphological

Mean shape of morphological
groups

groups
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FIGURE C.10: Projection 10 - Population by cluster and mean
shapes in two views Frontal view with x and z coordinates (top)
and side view with y and z coordinates (bottom)

Population of morphological Mean shape of morphological

groups groups
./" 4 P A y,
/ / / -~
' '§ //
e
§ K .
— ) S
N o oy
N b
/. / S
& & <
)
{ / |
.I /
\ N AN
| o
"\\,\.\;\ ..\\J
/ /

FIGURE C.11: Projection 11 - Population by cluster and mean
shapes in two views Frontal view with x and z coordinates (top)
and side view with y and z coordinates (bottom)
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FIGURE C.12: Projection 12 - Population by cluster and mean
shapes in two views Frontal view with x and z coordinates (top)
and side view with y and z coordinates (bottom)
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FIGURE C.13: Projection 13 - Population by cluster and mean
shapes in two views Frontal view with x and z coordinates (top)
and side view with y and z coordinates (bottom)
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Population of morphological Mean shape of morphological
groups groups

FIGURE C.14: Projection 14 - Population by cluster and mean
shapes in two views Frontal view with x and z coordinates (top)
and side view with y and z coordinates (bottom)
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FIGURE C.15: Projection 15 - Population by cluster and mean
shapes in two views Frontal view with x and z coordinates (top)
and side view with y and z coordinates (bottom)
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FIGURE C.16: Projection 16 - Population by cluster and mean
shapes in two views Frontal view with x and z coordinates (top)
and side view with y and z coordinates (bottom)
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D.1 Outliers detected by MeshDeepSVDD

FIGURE D.1: Subject 152
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FIGURE D.3: Subject 148
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with the same thigh group 5
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F1 Geometrical separation of the 3 morphological

groups defined by the 3D shape descriptor
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FIGURE F.2: 18 unique patterns and morphological group 2
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Morphotype 3
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FIGURE F.3: 18 unique patterns and morphological group 3

F2 Gender separation
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FIGURE F.4: 18 unique patterns of female subjects

FIGURE FE.5: 18 unique patterns of male subjects
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E3 Body mass index (BMI) separation
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FIGURE E.8: 18 unique patterns of subjects with BMI 23 - 25
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FIGURE F.9: 18 unique patterns of subjects with BMI 26 - 28
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FIGURE F.10: 18 unique patterns of subjects with BMI 29 - 31

FIGURE F.11: 18 unique patterns of subjects with BMI 32 - 33
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F4 Sigvaris sizing separation

—
FIGURE F.12: 18 unique patterns of subjects with size XS
- /;M} - '/”/
amowp 21 - e R ) / uuuuuu - :WW“) S 25 Subarou 28
Ankle 2 - l L // = »/(,/, = . ,/// .
// & A/’: A,I" _ //'4
FIGURE F.13: 18 unique patterns of subjects with size S

p— pr— " e e P sy

;;;;;;;

e

Ankle 3
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FIGURE F.15: 18 unique patterns of subjects with size M+
FIGURE F.16: 18 unique patterns of subjects with size L

FIGURE F.17:

18 unique patterns of subjects with size L-




F4. Sigvaris sizing separation

FIGURE F.18: 18 unique patterns of subjects with size XL
FIGURE F.19: 18 unique patterns of subjects with size XL+

FIGURE F.20: 18 unique patterns of subjects with size XL-
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FIGURE F.21: 18 unique patterns of subjects with size XXL
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FIGURE F.22: 18 unique patterns of subjects with no matching

size
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G.1 Geometric comparison between original and

adapted form of the legs
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FIGURE G.1: Subject 21 - Original and adapted geometry, illus-

trated with 8 pair projection plots
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FIGURE G.2: Subject 118 - Original and adapted geometry;, il-

lustrated with 8 pair projection plots
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FIGURE G.3: Subject 80 - Original and adapted geometry, illus-
trated with 8 pair projection plots
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