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ABSTRACT

Title: Automatic landmarking for 2D biological images: image processing with

and without deep learning methods

Abstract: In various applications of different domains, e.g., biomedical or biological,
many analyses have used landmarks as one of the input data. For example, biologists do
not only use landmarks for measuring the form of the object, but also for determining
the similarity between two objects. In biology, landmarks are usually used in the
analysis to detect the variations of inter-organisms. Most often, the landmarks are
manually provided. This operation is time-consuming and is pretty difficult to process
on a large dataset. In recent years, several methods have been proposed to predict
landmarks automatically. But, it exists of the hardness because these methods focused
on the specific data. This thesis focuses on the automatic determination of landmarks
on biological images, more specifically on two-dimensional images of beetles. In our
research, we have collaborated with biologists to build a dataset including the images
of 293 beetles. For each beetle in this dataset, 5 images correspond to 5 parts have been
taken into account, e.g., head, body, pronotum, left and right mandible. Along with
each image, a set of landmarks has been manually proposed by biologists. In the context
of this work, these manual landmarks have been used as ground truth to evaluate the
predicted ones. Firstly, we have brought a method which was applied on fly wings, to
apply on our dataset with the aim to test the suitability of image processing techniques
on our problem. Secondly, we have developed a method consisting of several stages,
so-called Iterative Method to Estimate Landmarks (IMEL), to automatically provide the
landmarks on the images. Our proposition is a pipeline of three steps: segmentation,
registration of two images by using an iteration of transformation operations, and
verification of estimated landmarks with the help of SIFT descriptors. These two first
works have been done on the mandible images which are not so difficult to segment,
to analyze by using the relevant image processing algorithms. As the results of the first

work, the estimated landmarks on mandibles have been used to compute the centroid



ABSTRACT

size and the distances to the manual ones. These landmarks have been transferred
to biologists, and they have confirmed that our prediction is good enough to use in
the morphometry analysis instead of using manual positions. Based on the success of
the method on the mandibles, we continue applying it to other parts of the beetle.
Unfortunately, the other parts present the characteristics that reveal them out of reach
for segmentation. It is why we have turned to Deep Learning methods. We have
designed a new model of Convolutional Neural Network, named EB-Net, to predict
the landmarks on remaining images. Our architecture is based on the concept of the
Elementary Block. Each Elementary Block is a composite of one convolutional, one
maximum pooling, and one dropout layer. For our objective, EB-Net consists of three
blocks with different parameters of the layers at each block. In addition, we have
proposed a new procedure to augment the number of images in our dataset, which is
seen as our limitation to apply deep learning. As the first results on the three remaining
parts, the predicted landmarks are good enough in the statistical points of view.
However, they are required to improve when we display them on the images. Finally,
to improve the quality of predicted coordinates, we have employed Transfer Learning,
another technique of Deep Learning. In order to do that, we trained EB-Net on a public
facial keypoints. Then, the parameter values have been transferred to fine-tune on the
beetle’s images. The final results have shown that we have improved the coordinates of
landmarks with the fine-tuning process. They are more close to the manual ones. These
results have been discussed with biologists, and they have confirmed that the quality of
predicted landmarks is statistically good enough to replace the manual landmarks for

most of the different morphometry analysis.

Keywords : Deep learning, Convolutional Neural Network, Morphometric analysis,

Key points detection, Landmark, Probabilistic Hough Transform, SIFT descriptor.
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ABSTRACT

Titre : Marquage automatique des images biologiques 2D: traitement d’images

avec et sans méthodes d’apprentissage pronfond

Résumé : Les points de repéres ou landmarks sont utilisés dans les applications of dif-
férents domaines tel que la biologie ou la médecine. Ils ne sont pas utilisés pour unique-
ment mesurer la forme d’ un objet, mais aussi pour évaluer une similarité/dissimilarité
entre deux objets ou encore la variation inter-organismes en biologie, par exemple. Il
est a noter que positionner des landmarks peut se réveler une tache tres lourde en
fonction du nombre affecté a chaque objet d’étude, d’autant qu’ils le sont en générale
manuellement. Si ces derniéres années, plusieurs méthodes ont été proposées pour
prédire automatiquement les landmarks, ces méthodes sont souvent spécifiques a un
jeu de données et changer ces données suppose le plus souvent de refaire I'étude du
modele d’ estimation des coordonnées des landmarks. Cette these porte sur la détermi-
nation automatique de landmarks sur des images biologiques, plus spécifiquement des
images 2D de coléopteres. Dans le cadre de nos recherches, nous avons collaboré avec
I'équipe Démécologie de 'INRA de Rennes qui disposait d'une collection d’images de
293 coléopteres, pour chacun d’eux 5 images ont été réalisées pour 5 parties différentes
de I'animal: le pronotum, la téte, I'élytre et les mandibules droite et gauche (Figure
1). Pour chaque image, un ensemble de landmarks a été fixé manuellement par un
biologiste. Ces landmarks seront utilisés tout au long de cette étude comme vérité

terrain pour évaluer la qualité des estimations automatiques.

AAG®

Figure 1: Les images de cinq parties de notre ensemble de données. De gauche a droite:
mandibule gauche, mandibule droite, pronotum, élytre et téte.

11



ABSTRACT

Au cours de la premiére année de theése, nous avons appliqué une méthode de la lit-
térature (Palaniswamy et al., 2010) appliquée aux ailes de Drosophile, ceci dans le but
de tester la faisabilité et la pertinence d’ une approche automatisée dans notre con-
texte. Les premiers résultats étant encourageant, nous avons poursuivi le travail en pro-
posant, notre propre pipeline de traitement d’images qui améliore les résultats obtenus
précédemment par la méthode de Palaniswamy. Ce pipeline comporte une étape de seg-
mentation, d’alignement par itération d’opérations de transformation et une vérification
des coordonnées estimées grace a des descripteurs SIFT.

Le pipeline a été appliqué aux images de mandibules et a fourni des résultats qui ont été
considérés par les biologistes comme pouvant remplacer les landmarks manuels dans le
calcul du centroide des mandibules et de leur taille, pour les analyses de morphométrie
avec un degré de confiance satisfaisant, statistiquement parlant. Par rapport aux résul-
tats obtenus par la méthode de Palaniswamy, notre pipeline a fourni des landmarks plus
proches des landmarks manuels. Cependant, les résultats n’étaient pas au méme niveau
sur les mandibules gauche et droite. Une explication possible de la différence de ces
résultats est une plus grande variabilité dans les formes des mandibules gauches. La

figure 2 illustre les landmarks planifiés et manuels sur les mandibules.

a . Left mandible. b . Right mandible.

Figure 2: Les landmarks prédits et manuels sur les mandibules gauche et droite. Les
points rouge/jaune présentent les landmarks manuels et estimées.

12



ABSTRACT

Ce travail a fait 'objet d’'une présentation orale a la conférence internationale en Europe
centrale sur I'infographie, la visualisation et la vision par ordinateur (WSCG-2017) ainsi
que d’un poster a la conférence nationale GRETSI, 2017.

A partir des résultats satisfaisants sur les mandibules, nous avons appliqué notre mod-
ele aux autres parties: pronotum, téte, élytre. Des les premieéres analyses sur le
pronotum, ’étape de segmentation s’est révélée étre un goulet d’étranglement extréme-
ment difficile a dépasser. Nous avons donc décidé de nous tourner vers des modeles
d’apprentissage profond ne nécessitant pas de segmentation préalable.

Nous avons proposé une architecture de réseau de convolution (CNN) a partir d'un bloc
élémentaire (EB) répété plusieurs fois dans le réseau. Un bloc élémentaire est composé
d’une couche de convolution, une de max pooling, et une de dropout. Ce réseau que nous
avons nommé EB-Net contient 3 blocs avec différents parameétres pour chaque bloc.
Nous avons également proposé une nouvelle procédure d’augmentation des données
basées sur la sélection de canaux de couleur de I'image afin de produire un jeu de don-
nées consistant pour des méthodes d’ apprentissage profond. Nous avons pu générer
pres de 2000 images pour I'entrainement du réseau. Ces résultats obtenus grace a ce
modele d’apprentissage profond montrent que les landmarks estimés sur les 3 autres
parties du coléoptére: pronotum, élytre et téte, sont statistiquement satisfaisants et
peuvent étre utilisés pour des analyses de morphometrie. Toutefois, en terme de visu-
alisation sur I'image, force est de constater que les landmarks estimés peuvent se situer
parfois assez loin visuellement des landmarks manuels. Nous avons donc souhaité aller
plus loin dans I'analyse en calculant la distance pour chaque landmarks entre la vérité
terrain et 'estimation afin d’améliorer cet aspect de nos résultats. Nous avons illustré
la distribution des distances aux landmarks 1 et 6 du pronotum. La figure 3 montre
pour landmarks 1 et 6 du pronotum qu’effectivement la distribution des values peut
étre large.

Ce travail a fait I'objet d’'une présentation orale a la conférence internationale sur

I'analyse multimédia et la reconnaissance des formes (MAPR-2018).
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Figure 3: La distribution des distances entre les landmarks manuels et estimées de toutes
les images pour le meilleur (1) et le pire cas (6).

Supposant que notre jeu de données était probablement trop petit nous nous sommes
tournes vers I'ajout d’une étape de transfert d’apprentissage depuis une autre base de
données. Nous avons sélectionné pour ce faire une base de données de landmarks sur
des visages!, c’est une application trés connue et plusieurs modéles pour traiter cette
base, sont disponibles de type AlexNet, VGG16, .... Mais les résultats issus d’un trans-
fert de parametres depuis cette base vers notre jeu de données avec ces réseaux se
sont révélés insuffisants. En conséquence, nous avons décidé de customiser notre mod-
ele, EB-Net, pour qu’il puisse apprendre les landmarks de la nouvelle base de données.
Ensuite, de transférer les valeurs de parametre pour affiner les images du coléoptere.
Pendant le processus de réglage fin (fine-tuning), les parametres des calculs sont réglés
pour poursuivre 'apprentissage.

Les landmarks estimés sont ensuite évalués de la méme maniére que précédemment:
premierement, les distances moyennes des points de repere ont été prises en compte.
On peut noter que toutes les valeurs moyennes ont été abaissées de 1 a 1,5 pixels dans
les trois séries d'images a ’aide du processus de réglage fin; ensuite, les distributions de
distance a chaque position ont été évaluées. Ces distances ont été réduites, elles sont

plus proches de la plage entre 0 et la valeur moyenne, en particulier pour la plupart

Thttps://www.kaggle.com/c/facial-keypoints-detection/data
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des cas tres éloignés des valeurs moyennes dans le précédent modele. Afin d’établir une
comparaison avec les méthodes de traitement d’images, le processus de réglage fin a
été appliqué aux images des mandibules. Les résultats obtenus ont montré que les land-
marks estimés sont plus stables a 'aide du processus de réglage fin. Remarquablement,

il y a une forte amélioration pour les positions proche de zone difficile a segmenter.

a . Pronotum b . Head c . Elytra

Figure 4: L’emplacement des points de repére prévus dans un cas de chaque partie. Les
points rouge/jaune représentent les landmarks prévus/manuels.

En nous basant sur le succes de la mise au point sur EB-Net, nous avons voulu vérifier
si les résultats sont améliorés avec d’autres compositions d’Elementary Block et d’autres
parametres. Pour ce faire, nous avons ajouté un bloc élémentaire a notre configura-
tion precedant et changé la fonction d’activation en fonction LeakyReLU. La nouvelle
version d’EB-Net a été entrainée sur 'ensemble des données faciales avant d’étre utilisé
pour affiner le réglage sur toutes les parties des coléopteres. Les landmarks estimés ont
ensuite été utilisés pour calculer la distance par rapport aux landmarks manuels et pour
calculer la valeur moyenne a chaque position. Les scores ont été améliorés dans tous les
cas de coléopteres. L’amélioration se situe plus généralement autour de 0, 5 pixels. En
conséquence, les landmarks prédits sont plus proches des landmarks manuels, en par-
ticulier sur les cas qui sont difficiles a prédire. Les résultats finals ont été discutés avec
des biologistes et ils ont confirmé que la qualité des landmarks prédits est suffisamment

bonne sur le plan statistique pour remplacer les landmarks manuels pour la plupart

15
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des analyses de morphométrie différentes. Comme le montre la figure 4 I'affichage des
landmarks estimées apparait aussi comme tres proche des manuels.

Mots clés : Deep learning, Convolutional Neural Network, Morphométrique, Dé-

tection de points clés, Landmark, Probabilistic Hough Transform, SIFT descriptor.

UMR 5800 — Laboratoire Bordelais de Recherche en Informatique (LaBRI)

Université de Bordeaux

351, cours de la Libération — F-33405 TALENCE
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Introduction

Motivation

A point of interest, or a key point, or a landmark is a point in an image that may
contain useful information and be stable when the image changes. It is a candidate
to be effective for many applications in various domains such as object recognition in
computer vision or human face detection. In biology, the landmark is an essential type of
data in morphometry analysis to evaluate the form/shape of the object; or in Procrustes
analysis to identify the variation of anatomical features. From the set of landmarks,
biologists can appreciate the morphology of an organism. It can be used to measure
the influence of ecological factors and the development of the organism. Currently, the
landmarks are manually given by biologists. This procedure is costly and impossible
to achieve in good conditions when we work on a large dataset. Consequently, the
development of methods that can automatically produce the landmarks in the biology

domain is very noteworthy:.

In computer vision, key points detection offers methods to automatically determine
landmarks in two-dimensional (2D) or three-dimensional (3D) images. In which, most
of the methods are focused on the landmarks which stayed on the contours of the object
such as the leaf or wing contours; or located inside the object, for example, human
facial key points (e.g., eyes, nose, eyebrows). In collaboration with biologists, we have
used a dataset including 2D images of anatomical parts of beetle, e.g., head, pronotum,

elytra, left and right mandibles, as experimental data. A set of landmarks has been set
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INTRODUCTION

manually for all parts and has been used as ground truth for this work. For each part,
the number and the location of landmarks are different. For example, the left mandible
has 16 landmarks, and they are located on the contour of the mandible; while pronotum
has 8 landmarks and their positions are indicated both on contour and inside the object.
In this project, our team focuses on the methods to automate such landmarks setting.

This task is the main goal of this Ph.D. thesis.

This work has been done in two parts. The first year has been dedicated to classical
image processing methods to experiment if they work on our data or not? These meth-
ods often require a step of shape segmentation to detect the features which are used
in the following steps. In order to do that, we have studied and applied the method
of Palaniswamy [PTK10] to work on the mandible images. Then, we have proposed a
method, IMEL, which combines an iterative process of registration and verification of
Scale-invariant feature transform (SIFT) descriptors to estimate landmarks. We will see
that even IMEL has been successfully applied for the left and right mandibles images,
it fails to work with the head, the pronotum, and the elytra. It explains why we have

turned to another way to process our dataset.

In the second part of the work, we have applied Deep Learning methods, specifically
Convolutional Neural Network (CNN), to predict the landmarks. A CNN combines a
sequence of operations such as convoluting, down-sampling, non-linearity, .... These
operations are organized into the layers to study different level features of the input
before giving the output at the last layer. As usual, several models have been tried before
obtaining a stable model for landmarking. The results of this studying lead us to define
a concept of Elementary Block (EB), which is the base to propose Elementary Blocks
Network (EB-Net) architecture. Finally, our proposed model has been completed by a

fine-tuning module that returns statistically robust estimated landmarks to biologists.
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Organisation of the thesis

Chapter 1 of the thesis gives the principal context of morphometry analysis, landmark
and landmark detection which are focused through the thesis. This chapter is closed by
introducing our dataset which will be used to evaluate the methods during the thesis.

Chapter 2 overviews several image processing techniques that can be combined to-
gether for the landmarking task. This chapter presents also some methods which can
be applied to detect the landmarks on 2D images.

Chapter 3 presents the IMEL method to automate the landmark setting. This method
includes several steps to extract the features before giving the coordinates of landmarks.
The experiments are done on two sets of images: left and right mandibles.

Chapter 4 begins a second part of the thesis speaking about deep learning algo-
rithms. This chapter begins with a short description of machine learning and deep
learning context. Then, a brief overview of CNNs which are used to solve the prob-
lems on grid topology data will be presented. After that, a short preview of the transfer
learning technique will be given.

Chapter 5 describes our first proposition of CNN, EB-Net architecture, to predict
landmarks on beetle’s images. It also presents a new procedure for data augmentation
which was used to increase the number of items in the dataset. The performance of this
method is evaluated on the remaining 3 parts of the beetle: head, pronotum, and elytra.

Chapter 6 presents a complementary strategy to apply deep learning for landmark
detection by using transfer learning. Accordingly, the proposed CNN model in Chapter
5 is pre-trained on a facial key points dataset before transferring the parameter values
to fine-tune on beetle’s images. The evaluation is mainly done on three parts of beetles
as in Chapter 5, but also on the mandibles to produce a comparison with the obtained
results in Chapter 3. We also evaluate the feedback from some modifications of EB-Net

model. Finally, we discuss the perspectives on our works before the conclusion.
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CHAPTER 1. LANDMARK-BASED GEOMETRIC MORPHOMETRY

In this chapter, we first describe the context of landmarks and their applications.
After that, we briefly introduce the facial landmarks which are linked to our problem.
Then, we will present a short overview of anatomical landmarks which are our main
studied objects in this thesis. Next, we expose the landmark detection problem in 2D

images. Finally, we outline the experimental data which has been used in this work.

1.1 Context

In morphometry analysis, the term of landmarks is most often used to define anchor
positions, control points on the object, or specific points on the contours. There are
three basic types of landmarks: anatomical landmarks, mathematical landmarks, and

pseudo-landmarks [DM92, ZSS12].

“Anatomical landmarks are points assigned by an expert that corresponds between
organisms in some biologically meaningful way” [Bro12]. They are discrete anatomical
pieces that have the same positions in all specimens in the study [ZSS12]. “Mathemat-
ical landmarks are points located on an object in accordance with some mathematical
or geometrical properties” [Bro12], for instance, a high curvature point or/and extreme
point. “Pseudo-landmarks are constructed points on an organism, located either around
the outline or in between anatomical or mathematical landmarks” [Bro12]. A typical
example is a set of points positioned equally between two anatomical landmarks to get
more sample points on the shape. Pseudo-landmarks could also be useful during shape

matching when the matching process requires a large number of points [DM92].

In an application, the number of landmarks and their definitions can vary and de-
pend on the objectives of the studying. Figure 1.1 gives three examples of the landmarks
in different studies, e.g., 40 landmarks on a human face, 15 landmarks on a fly’s wing,
and 18 landmarks on a right beetle’s mandible. In the context of this thesis, we con-
sider the anatomical landmarks provided by biologists. This dataset of landmarks will

be considered as the ground truth that we want to achieve in all experiments.
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CHAPTER 1. LANDMARK-BASED GEOMETRIC MORPHOMETRY

a . Facial landmarks b . Landmarks on a fly’s wing ¢ . Landmarks on
a mandible

Figure 1.1: The location of landmarks in various applications.
Images from Facial technologies' and Giga Science 2

Nowadays, landmarks are usually used in many applications of different domains
such as computer vision [Lin15, MNR90, Can87], shape analysis of organisms in biology
[HMGCO03], face recognition [Z*14], and biomedical investigations [FP10].

In computer vision, landmarks are positions in the image that are invariant when
the scene changes. The correctness of the landmark positions is essential and it greatly
contributes to the accuracy of the methods. Several important types of research can be

mentioned such as:

e Corner detection [MNR90]: trying to find the intersection point of two edges

which have different directions in a local neighborhood of the points.

e Edge detection [Can87]: identifying the points in the image that have high bright-

ness. These points are typically organized into a set of curves.

e Image matching [JC02, Lin15]: finding the key points in the images, then trying

to identify the matches between two images.

In biomedical examinations, landmarks appear in the studies of human medical im-

ages, for example, X-ray or MRI images, to examine the possible signs of sickness or the

Thttp://www.arcsoft.com/technology/face.html
2https://academic.oup.com/gigascience/article/4/1/s13742-015-0065-6,/2707551
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CHAPTER 1. LANDMARK-BASED GEOMETRIC MORPHOMETRY

symptoms of a medical disorder in their body. The applications could be cephalometric
analysis [FP10], or brain registration [GBR"99]. In another approach, landmarks are
also used in the biometric systems, which are the real-time systems to identify the
unique characteristics for each person. In these systems, the particular characteristics
of a person are extracted and compared to a library, which contains examples of many
people, for a detection task. Landmarks have been identified on data as match points
to compare the human attributes. We mention the applications: fingerprint verification
[NBO2, PPJ08], iris scanning [SK17, VCFR09], facial recognition [SWT13, Z*14]. The
landmarks, which are used in the face detection tasks, are called facial landmarks. They
will be described in Section 1.2.

In biology, providing landmarks to biologists is highly beneficial. They are useful
inputs in analyses of Procrustes [Gow01, Dryl4] or morphometric analysis [Boo97,
WS10]. In the Procrustes, landmarks are most often used to analyze the shape for
identifying the change of anatomical characteristics. In the morphometric analysis,
landmarks are used to detect the impact of mutations, the changing in the body, or the
effects of the environment on the shape [Boo97]. These analyses are usually focused

on living objects, samples of the organism, or fossil records.

1.2 Facial landmarks

Facial landmarks are known as the specific landmarks for human face detection. These
landmarks are usually located around facial components such as eyes, mouth, nose,
etc. According to the application, the different number of facial landmarks are set, e.g.,
5-points model, 8-points model, or 17-points model. However, whatever the number
of positions, these points should cover several different areas on the face (e.g., eyes,
mouth, and nose) because most of them carry essential information for diverse pur-
poses. In practice, the process usually starts by determining the face region using a
rectangle bounding box. Then, the searching process could be used to find the location

of facial landmarks. It most often starts with an initialization, then moves to a better
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CHAPTER 1. LANDMARK-BASED GEOMETRIC MORPHOMETRY

position step by step until reaching convergence [WGT"18]. The facial keypoints detec-
tion methods could be divided into four groups: constrained local model (CLM)-based,
active appearance model (AAM)-based, regression-based, and others [WGT"18]. CLM-
based methods consist of a shape model and a number of local experts, each of which
is utilized to detect a facial feature point [CILS12, LBL"12, AZCP13, BJKK13]. AAM-
based techniques fit a shape model to an image my minimizing texture synthesis errors
[ASWC13, MCB13]. Regression-based methods directly learn a mapping function from
facial image appearance to facial feature points [MVBP12, BAPD13, YP13]. Besides
three main categories, there are also other methods, such as graphical model-based
methods [UFH12, ZSCC13], independent facial feature point detectors [SLBW13], and
deep learning-based methods [SWT13, Z"14].

1.3 Anatomical landmarks

Anatomical landmarks or landmarks (for short) are the biologically meaningful points
in an organism that can store important information about the object. According to
biologists, the landmarks can be classified into 3 categories [Boo97, ZSS12]: (1) the
landmarks are clearly and locally defined by particular structures close to the point, for
example, the intersection between veins on the fly wings; (2) intermediate class, the
landmarks are located at the local minima and maxima of curvature, such as a tip of
the structure; (3) landmarks are not defined by any structure; instead, they are defined
solely by being at an extreme distance from another point.

In practice, landmarks can be used to reconstruct the shape of an organism and to
apply some morphometric analysis in the shape. For example, it is useful in biology to
evaluate the evolution of species, as well as the influence of environmental factors on
the development of the organism. The question to choose the number of landmarks
and their positions is a difficult question. They are usually suggested by the biologist
depending on which kind of application and the studied objects that they focus on.

Currently, landmarks in the biological applications have been manually determined
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by experts. Firstly, the object is captured by a specific device such as a camera, trinocular
magnifier, scanner, ... to obtain a digital image. Then, the landmarks are manually set
on the digital images by using a particular program. For example, tpsDig [Roh04] is a
software that able to display the image, to set the location of the landmarks manually,
and to export the coordinates of the landmarks into a text file. However, this process
meets some difficulties in real work, such as updating the coordinates of the landmarks,
crashing software, or requiring many people to work on the data. These disadvantages
make manually setting landmarks time-consuming and difficult to reproduce. So, the
method which provides the landmarks automatically could be very interesting and this

is the main goal of this thesis.

1.4 Landmark detection

Landmark detection refers to the methods which are used to determine the landmarks
on 2D (or 3D) images. Based on the characteristics of the input images, the applied
methods could be different, and they can be grouped into various categories. In the
context of this thesis, we consider the methods belonging to two groups: in the first
group, the images are analyzed by using classical image processing algorithms; while
in the second group, the deep learning algorithms are applied for predicting the coordi-
nates of the landmarks.

In the first group, the methods usually take into account the shape of the ob-
ject or the relationship among the pixels. In order to detect the landmarks by con-
sidering the shape, the object shape is needed to be extracted first. Then, the
list of points belonging to the shape is used to determine the location of the land-
marks. In this case, the landmarks could be detected by measuring the curvature
[TC89, RR92, Cor97, Wu03, MS04], or evaluating the feature spaces which are the
transformation of the contours [MM92, Mok95, GGS™98]. In another approach, the
descriptor for each pixel in the image can be also computed by using the relationship

between it and its neighborhoods. Then, they will be used to predict the coordinates of
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landmarks [Low04, BTVG06]. These methods will be presented in Chapter 2.

In the second group, Neural Networks are used with deep learning algorithms to
consider the features of the images from the local level (e.g., pixels) to the abstract
level (e.g., curve, edge). As usual, a set of different layers is used to compose a network
for predicting the key points. Layers are ordered through the network to characterize
the image features at different levels, and the final decision (key points coordinates)
is given by the last layer [LYL"16, SWT13, Z"14, HGT17, SLJ"15, CQSA"16]. The
methods of this group will be described in Chapter 4.

1.5 DevMAP Project

In collaboration with biologists at Institute for Genetics, the Environment and Plant
Protection (IGEPP), INRA-1349, we work in the DevMAP project: Développer la Mor-
phométrie Automatisée pour aider a mesurer l'impact des Paysages anthropisés sur les traits
de vie d’espéces invasives et d’auxiliaires des cultures. The objective of this project is to
quantify the mean and the variability of morphological traits of beetles in different agri-
culture contexts. The morphology was assessed on varied environmental contexts, es-
pecially with the agricultural system applied at the field and landscape scales. For this
purpose, Poecilus cupreus, the beetle morphologies in conventional and organic fields
have been considered. In order to do that, the Brittany lands (North-West of France)
have been selected to collect the samples. After collecting in three months (from May
to July 2013), a collection of 293 beetles (Figure 1.2) (147 males and 146 females/ 155
organic and 138 conventional), DevMAP dataset, has been established.

As usual, images of beetles have been chosen to be studied instead of using real
objects for practical reasons. To create the images, biologists have used a trinocular
magnifier to capture the dorsal view of beetles. For each beetle, 5 images are available
corresponding to 5 body parts: head, pronotum, elytra, left and right mandibles. One can
note that the images of head, pronotum, and elytra have been made before dissection.

Then, biologists have dissected the insects to separate mandibles from the beetle’s body
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12 mm

Figure 1.2: An illustration of the beetle.

before taking the photos. The images of all body parts of beetles are captured with
an identical protocol by using the same camera (trinocular magnifier) with different
resolutions for pieces to handle the difference between sizes of body parts. At the
end of this process, all the images have been released in the RGB color mode (JPEG
compression) with a size of 3264 x 2448 pixels. Unfortunately, biologists have not given
in detail the different camera resolutions for each element. However, as we know the
average size of beetles in nature (~ 12 mm). So, we can approximate the focus on
each part of beetles, such as ~ 300 pixels/1mm for elytra, ~ 600 pixels/1mm for both

pronotum and head, and ~ 1500 pixels/ 1mm for mandibles.

The team of biologists who have initialized this project wants to work with anatom-
ical landmarks to apply different morphometric analysis. Our goal in this context is to
automatically identify the landmarks to replace the manual task of setting them. To
support us in this work, they have defined a set of anatomical landmarks for each piece
that they would like to obtain and providing as ground truth to evaluate our results. It
is worth to note that the number of landmarks is different among the five portions of
the beetle. Biologists have defined a set of manual landmarks with tpsDig2 software
[RohO5]. They have set 8,10, 11, 16, and 18 landmarks for each pronotum, head, elytra,
left and right mandible image, respectively. Figure 1.3 shows the images and landmarks

positions of each beetle’s part in our dataset.
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Figure 1.3: The sample images (1** and 3" rows) and positions of manual landmarks
(2" and 4" rows) on each part in our dataset.
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The beginning of this work has been analyzed an article proposed by Palaniswamy
et al. [PTK10] to automatically predict landmarks on fly’s wings. We have deeply stud-
ied their method and have first tried to reproduce the results on the mandible images
belonging to our dataset. This work will be described in the next chapters, but we
present firstly main steps of image processing related to the current work on landmarks

in Chapter 2.
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CHAPTER 2. KEY POINTS DETECTION AND IMAGE PROCESSING METHODS

In image processing domain, a huge number of methods have been proposed to
work on digital images and each of them performs a particular task such as feature
extraction, projection, or key points detection, .... For a complex application, it is
necessary to combine various algorithms for different steps, and selecting the algorithm
for each step depends on the problem type, as well as the characteristics of the input

images.

In this chapter, we describe the procedures that are usually used in the context of
landmarks setting on 2D images: segmentation, registration, and landmarks detection.
This chapter ends with a survey of some previous works that have applied these methods
to identify landmarks automatically. The readers familiar with the image processing

techniques can skip this chapter to go to Chapter 3 directly.

2.1 Segmentation

Segmentation is often the first step in the process of image analysis. It is used to change
the representation of the image into other ones which are more meaningful and easy to
analyze. This process assigns a label to each pixel of the image. Then, it outputs the
sets of pixels with different characteristics. The segmented image is then used to extract
features and/or to compute descriptors. Choosing a specific segmentation solution is a
complex process, it depends on the objective of the application, as well as the required
features for future treatments. Segmentation methods can be divided into three groups
based on the considered data: points, regions, and contours. Nida et al. give a large list
of these methods in [ZA15]. Besides the classical methods, neural networks have been
applied for the segmentation task in recent years, especially on medical images. This

section presents an overview of segmentation algorithms in all categories.
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2.1.1 Points - based methods

The methods based on points directly consider each pixel in the image without tak-
ing care of the structure or topology of objects. These methods divide the pixels into

different groups based on their properties.

Thresholding

The simplest method for segmentation uses a threshold value to turn a gray-scale image
into a binary image or to change values of a color image by considering every channel
[GWT02]. It is also possible to use multiple threshold values as it is in the case of hybrid
thresholding.

Considering an image, src(z,y), which contains a light object on a dark back-
ground and a threshold value, 7. Any pixel (z,y) in the image that has the intensity
src(x,y) > T is called object point, otherwise it belongs to the background. The value

of each pixel in the obtained image, dst(z,y), is given by Equation 2.1.

1 if sre(z,y) > T
dst(z,y) = (2.1)

0 otherwise

If the image contains several types of objects, multiple thresholds could be more
useful. For example, if we consider an image containing two types of light objects on a
dark background, it is necessary to use two threshold values for separating each object.

One can note that setting the threshold value, 7', could be very tricky. Its correctness
directly links to the quality of the results. When 7 is a constant, Equation 2.1 refers to
global thresholding; when T changes over image, it is variable thresholding; and when
T depends on the values of neighbor pixels, we have the local or region thresholding. In
all cases, threshold values can be set both manually or automatically by analyzing the
histogram of the image.

From the idea of thresholding, several methods have been proposed and widely used

in practice including maximum entropy method [GS84], balanced histogram threshold-
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ing [dAS08], hybrid thresholding [SKPS11], Otsu’s method [LCC*01].

Clustering method

Clustering [DK32] is a task of gathering a set of objects where the objects in the same
group are more similar than objects belonging to other groups. It is a classical tech-
nique to solve many tasks in different fields such as data analysis, machine learning,
image analysis, data compression or computer graphics. Clustering uses distance met-
rics for presenting the differences between the objects, it packs the objects into the same
clusters based on this distance value.

In image analysis, clustering is a frequent method for the segmentation task. It is
used to partition off pixels into several clusters (groups) where the number of clusters
is most often known in advance. For example, K-means [M"67] is one of the most well-
known methods and widely applied for this task. It packs the pixels into K clusters
by considering the difference between features at pixels and cluster centers. Firstly,
cluster centers are randomly (or manually) initialized for all K clusters. Secondly, the
differences (distances) in the feature between each pixel and cluster centers are com-
puted. These could be the difference between pixel colors, intensities, or texture values.
Thirdly, pixels are assigned to the nearest cluster (least difference). Finally, the cluster
centers of K groups are re-computed based on the pixels belonging to them. The steps
(from the second to the last step) are repeated until the distance (in the feature) be-
tween pixels in a cluster can not be minimized, and the distance between cluster centers
cannot be maximized any more. The performance of this method depends on the K
value and often on the initialization of clusters.

Mean-shift [FH75] is one of the most powerful clustering methods [Che95, HYZ07,
Art08]. Let S is a finite data point in the n-dimensional Euclidean space, X. Let K is a

flat kernel that the characteristic function of the )\ in X is:
1 if ||z < A
K(z) = (2.2)
0 if ||| > A
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The sample mean at z € X is

ZSES K(S B ZL')S
s K5 — 1)
The difference m(x) — z is called the mean shift. The repeated movement of data

m(x) = (2.3)

points to the sample means is called mean-shift algorithm. In each iteration of the
algorithm, s «<— m(s) is performed for all s € S simultaneously [FH75, Che95].

We can mention that mean-shift has been used in computer vision [CM99], e.g.,
image segmentation [CM97, HYZ07, KBA08], image filtering [CM99], visual tracking
[Art08].

Histogram-based method

In the histogram-based method, a histogram is first computed from all pixels in the
image by considering the color or intensity values; then, peaks and valleys of the his-
togram are used to find the groups of pixels. For example in Figure 2.1, the pixels of
the image corresponding to the left histogram (Figure 2.1a) can be packed into 2 cat-
egories; and we can get 3 categories for the image which provide the right histogram
(Figure 2.1b). This method can be adapted to be applied to multiple frames and is easy
to implement. However, a disadvantage of this method is that it could be difficult to
recognize which peaks and valleys are significant in the histogram. This point will be

discussed in Section 3.2.

Al ||T|I| ol
.||I|||| ||I|..+.| h. _| TSR

a . Histogram can be divided by a single b . Histogram can be divided by two
threshold thresholds

Figure 2.1: Intensity histograms of two different cases
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2.1.2 Region-based methods

The region-detection based methods try to group the pixels which have similar proper-
ties to get a compact representation. In fact, methods in this category have an overlap
with methods based on the pixels (points), especially clustering methods, because they
consider the characters of the pixels to pack them into different groups. In this context,
region growing [ZY96] is one of the simplest approaches, but several refinements have
proposed to improve the achieved results in practice. Brice and Fenema [BF70] have
developed a region-growing method based on a set of simple rules to enlarge a region
as more as it is possible from an initial point chosen randomly. Yakimovsky [Yak73] has
improved the region-growing concept by establishing merging constraints based on the

estimation of Bayesian probability of the features of each region.

The split and merge [Fuk80, CP80, OP99] method is also a popular segmentation
technique. It is based on a quadtree data representation whereby an image will be bro-
ken (split) into four parts if it has not the same attributes (non-uniform), e.g., color
or texture. If four neighboring regions are found to be uniform, they are merged into
a large square. In principle, the split and merge process could start at the full image
level or at any area in the image. In this context, Fukada [Fuk80] has proposed the
segmented variance as a uniformity measure. They try first to find the kernels of areas,
then classify pixels into areas using these kernels. Chen and Pavlidis [CP80] suggested
more complex statistical measures of uniformity. The segmentation areas are randomly
initialized and checked for uniformity. If they do not respect the defined criteria of uni-
formity, these areas are sub-divided until they are not smaller than a given threshold.
Next, the uniformed areas are analyzed to find the similarity for the merging process.
Any areas remaining after this step are considered part of a boundary ambiguity zone.
The location of the boundary is then estimated by interpolation between the existing
uniform regions [CP80]. Ojala [OP99] uses the distribution of the local binary pattern
and contrast pattern for measuring the similarity of adjacent areas. Firstly, they split

the image into several areas and compute the descriptor for each areas (distribution of
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the local binary pattern and contrast). Then, the descriptors of adjacent areas will be
compared to make a base for merging them. Finally, the pixel-wise [SZW 18] classifi-
cation is used to improve the localization of area boundaries. Figure 2.2 illustrates an
example based on Ojala’s method. The images from left to right present the different
steps in their process: the image is first split into several pieces (Figure 2.2b); next, the
descriptors are computed for each piece; then they are used to compare and to merge
the adjacent pieces (Figure 2.2¢) before using the pixel-wise classification to smooth

boundaries (Figure 2.2d).

a . Original image b . Splitted image ¢ . Merged regions d . Segmented
image

Figure 2.2: The sequence of Ojala’s method. Image from semantic scholar *

In another approach, the graph cut optimization method can be used for image
segmentation [YM12]. Let define an undirected graph G =< V,E >, where V is a
set of nodes and F is set of the edges which connect every two neighbor nodes. V is
composed of two different kinds of nodes: normal nodes that can connect to the others
and terminal nodes which consist of s (source) and ¢ (sink). In this graph, we assign a
non-negative weight (cost) for each edge, denoted as w,.. A cut of the graph is a subset
of edges E which can be denoted as C' (C € E). The cost of the cut C is the sum of
the edge’s weights in C, denoted |C| == ) _. w.. A cut is a minimum when it has the
minimum cost when finding the maximum flow [BJO1, BFLO6].

In order to apply graph cut to segment the image, we can go back to the core of

the image (pixels) which can be divided into two groups: pixels belonging to the object

https://www.semanticscholar.org/
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and the background’s pixels. Each pixel corresponds to a node in the graph. We create
an edge between two nodes if the two pixels are neighbors in the image. An energy
function is defined as the sum of edge’s weights. The segmentation can be achieved by
minimizing the energy-function through the minimum graph cut [YM12].

Along with determining the pixels belonging to regions in the image, it is possible to
segment regions by detecting the boundaries between them. This task is usually known

as edge detection. The next section presents some methods belonging to this task.

2.1.3 Contours - based methods

Contours methods focus on the edges of the objects which are made up of the list of
pixels located on the shape. They usually observe borders of the areas, i.e., where

intensity value or gradient direction changes.

Basic edge detectors

One of the first methods uses the gradient vector to calculate the edge strength and
edge direction at each pixel of the image. The edge strength is the gradient magnitude
of the gradient vector. The edge direction at each pixel is considered as the direction
that is perpendicular to the direction of the gradient vector. Equation 2.4 presents the
way to compute the edge strength and edge direction at a pixel (x,y) in the image. G,

and G, are gradients in x and y-direction, respectively.

G=,/G:+G2
(2.4)
¢ = atan2(Gy, G,)

Using the gradient of an image requires the computation of derivatives at every pixel
in the image. In order to calculate the derivative, a sliding window (named mask) is
applied to filter the image. If we just consider horizontal and vertical edges, the one-
dimensional (1D) mask can be used. But, if taking into account also the diagonal edges,

we need to use a 2D mask. The Roberts cross operator [Rob63] is one of the earliest
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used 2D mask to detect the edge. He has proposed to use a mask of size 2 x 2 to compute
the gradient of the image. However, this size of the mask is not useful for computing
the edge direction on the areas of the image that are symmetric at the center point, for
example, an area of size 3 x 3. The easiest solution is to increase the size of the mask to

3 x 3 as Prewitt [Pre70] or Sobel [Sob14] have done.

Figure 2.3 illustrates how to calculate the edge strength and direction at a pixel.
Each square represents one pixel, the red square is the selected pixel where the edge

strength and direction will be computed based on the gradient vector.

Gradil:—ant vector ' I-Gra.diént vebtor
b.d

/ j|00°

Edge|direction

Figure 2.3: The detection of edge strength and direction at a pixel (red). Each square
represents one pixel, the edge is perpendicular to the direction of the
gradient vector.

Figure 2.4 presents a patch of an image that contains an edge. The pixels, which
have the direction perpendicular to the gradient vectors (grey color with the blue bor-

der), are indicated as belonging to the edge.

Gradient vector

Edge dire

Figure 2.4: Illustration of the pixels (gris color) belonging to an edge.
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Advanced edge detector

The previous methods are simply edge detectors based on filtering the image with sev-
eral masks. These methods are useful when we consider the image without noise. In
the case of complex images, the detectors need to be improved. Marr-Hildreth [MHS80]
has suggested convolving the image with the Laplacian of Gaussian function to reduce
the noise and to extract the salient features, e.g., blur and sharp; then, the zero-crossing
technique is applied to determine the edges. In another way, Canny [Can87] has pro-
posed to use the gradient vector to determine the pixels belong to the edges. In this
method, the noise is reduced by using a Gaussian filter before calculating the gradient
vector for every pixel to survey the edge candidates. Then, the weak edges are elim-
inated by using the edge thinning technique [MZ92]. Finally, the double threshold is
applied to determine the potential edges. Even if these methods can detect pixels that
delimit the shapes of the objects, they do not give the segments of the shape. To obtain
the pixels in the edges and to sort them following an order, S. Suzuki and K. Abe [S*85]
have proposed a method to indicate the connected pixels belonging to them. Figure 2.5
shows the results of different methods on a right mandible of the beetle belonging to

our dataset.

a . Original image b . Cluster ¢ . Edge detector

Figure 2.5: An examination of segmentation techniques on a right mandible.
From left to right: original image, cluster techniques, Canny edge detector,
respectively.
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2.1.4 Artificial Neural Network-based methods

Besides the segmentation methods that we have described previously, artificial neural
networks have been used for segmentation tasks in recent years. A neural network is
known to try to simulate the learning strategies of the human brain for decision making
[DCOO0, TLL16]. It is usually made of a large number of connected nodes, and each
connection has a particular weight. These nodes are organized into layers to study
the image features from the basic level, e.g., pixels, edges, to the abstract ones, e.g.,
different objects. As usual, the network has been trained on a dataset. Then, it is used

to provide the segmentation of the images in another set (testing set).

In the various types of neural networks, CNN [LBH15] is one of the architectures
that most often used for the segmentation task. A CNN usually contains numerous con-
volutional layers and pooling layers associated to non-linear activation function, batch
normalization [GWK'18]. These layers can be grouped into two phases, called encoder
and decoder phases. In the encoder phase, we reduce the spatial size but increase the
depth (channels) of the image by passing it through combinations of the convolution
and down-sampling layers. At the end of this phase, it outputs the low-resolution ten-
sors, which contain the high-level features (e.g., object) of the image [LSD15]. In the
decoder phase, it takes into account the low-resolution tensors and provides the out-
put as the high-resolution tensors with the label for each pixel in the image. To do
that, we use the convolution layers coupled with upsampling layers to increase the size
of the image and to decrease the depth of input tensors. From the first application
to the present, various CNNs have been proposed, e.g., Fully Convolutional Networks
[LSD15], ParseNet [LRB15], Encoder-Decoder [NHH15], UNet [RFB15], Mask-RNN
[HGDG17], DeepLab [CPK"17]. The details of neural networks and CNN will be given
in the next part of the thesis. We will figure out the components of a network model
as well as their operations. Besides, we also introduce the other applications of neural

networks, especially CNN.
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2.2 Image registration

In image processing, image registration is one of the most necessary tasks to compare
two or several images. The registration methods use one image as the source and the
others as targets. Features in the pictures are used as inputs to calculate the registration
values between the source and target. Based on the data as well as the characteristics of
methods, we can divide the registration methods into several categories, e.g., intensity-
based [Gos05], feature-based [Gos05], transformation model-based [Gos05, SDP13,
Bo097], frequency-domain-based [Zok04, KEB91], similarity measures-based [Gos05,
YHO09, Bru09]. The readers can find the detail in the surveys [ZF03, SDP13, VMK*16].
In the context of this work, we will present in details only three methods that we have
studied from the literature because the two first are referenced in the Palaniswamy’s
article [PTK10] that we have used to initialize our work, and the last is often cited
in morphometry analysis. These are cross-correlation or template matching (similarity
measures category), Probabilistic Hough Transform (PHT) (frequency-domain class),

and Procrustes methods (transformation model-based).

2.2.1 Cross-correlation method

The cross-correlation method [YHO9] or template matching [Bru09] deals to find the
matching regions between two images. Usually, we extract a small window from the
source image. Then, we slide this window through each pixel of the target image. At
each sliding step, we calculate the correlation coefficient between the window and the
area in the target image. Finally, the matching region on the target image is indicated

as the position of the maximum correlation value with the sliding window.

The formula to calculate the correlation coefficient in the template matching tech-
nique between two images (source and target) by using Cross Coefficient is described

as in Equation 2.5.
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Reorp(,y) = Y [S(@',¢). T(z + ',y + )] (2.5)

CE,,y/
Where:
e S, T: are source and target images, respectively.
e (2',y): is selected coordinates in source image.

e (z,y): presents the coordinates of each pixel in target image.

o (x + 2,y +y): is selected coordinates in target image when the source image

slides

Nevertheless, the correlation coefficient is affected by the difference which can be
observed from the brightness of target and source images. The pixel values can be
normalized before calculating to reduce the effect of the brightness by dividing a nor-

malization coefficient (Equation 2.6).

Z(wy)= D S@,y) ) Te+ay+y) (2.6)
'y’

Y
:E?y

Consequently, the correlation coefficient can be computed by using Equation 2.7.

c S y). T (e + 2y + 1
Rcorr_norm(x7y) = RCOTT(x7y) = ZI Y [ ( y) ( J Y )] (27)

Z(x,y) \/Em’,y’ S(2',y)°. Yoy L@+ y+ y')’

2.2.2 Probabilistic Hough Transform

Hough Transform (HT) [Hou62] has been introduced in the previous century but it
remains a common method in image processing and computer vision. At the beginning,
HT was used to detect lines in the image, however over time, it has been applied to
detect image features, objects, or shape. Practically, HT is a process of summing up

evidence for a shape by voting process. Following that, a parameter space, so-called an
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accumulator, is created to carry in the votes of the corresponding features of the image.
Each vote is explicitly constructed by the algorithm for computing the Hough transform.
At the end of this voting process, the local maxima correspond to the instances of the
shape. For example, in a line detection application, HT converts the space of the pixel
coordinates to the space of the slope and y-intercept of the lines by voting, the vote is
stored in the 2D accumulator. Each cell in the accumulator represents the equation of a
line (which is presented by the slope and the y-intercept), then pixels vote for the bins
that have a corresponding slope and y-intercept.

In order to speed up Hough Transform, PHT [KEB91] has been proposed. Different
from Hough Transform, PHT considers a subset of dataset instead of processing on the
whole dataset. In practice, PHT is used to predict the presence of an object (of an
image) in another image. Firstly, we build the feature descriptors for each object. That
is a table containing the geometric relationship (e.g., angle and perpendicular distance)
among the object’s lines. Secondly, we determine the best matching features between
the two objects by applying PHT. Like Hough Transform, PHT uses the voting process
to find the best matching features. Finally, the transform information of two objects has
been determined by comparing the matching features. Then, these values are used to

register the objects.

2.2.3 Procrustes analysis

Procrustes analysis (PA) [Boo97, GD*04] is a method that allows comparing the shapes
of two or more objects. As usual, an object is selected and used as the source object
to register other ones. PA is performed by optimally translating, rotating and scaling
the target images to find the best match with the source. Practically, we consider each
object made up from a finite number of points in n dimensions, called key-points. Then,
these key-points are used to determine the transformation values to apply to the target.

Consider an example to register two objects, source and target. Each ob-

ject is made from a set of k key-points: ((xsq1,ys1), (2S2,yS2),. .., (Tsk, ysk)) and
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((xty, ytq), (xte, yta), ..., (xtx, yty)) for source and target object, respectively. Now, we
find the translation, rotation and scaling values to register target on the source.

In order to obtain translation value, we firstly determine the coordinates of the origin
point for each object ((7s,¥s), (xt,yt)) by using Equation 2.8. Then, we calculate the
distance between the two origin points and use it as the translation value. Finally, the

target’s points are moved to new positions.

f:x1+x2—|];.‘.+xk7y:y1+y24];...+yk (2.8)

Where:
e ((z1,y1),(x2,92), ..., (xk,yr)) are k key-points made up the object.
e (7,7y) are the coordinates of the object’s origin.

The scale value is considered as the ratio between the sizes of the two objects. Firstly,
the size of each object has been calculated as the root mean square distance (RMSD)
from the points to the origin by using Equation 2.9. Then, the ratio is computed and

used as the scale to re-form the target object.

2 2
Size_S:\/(xl T) +(gl Y2+

The rotation operation is a little bit more complex than the two previous ones. As-

(2.9)

suming that the target has been translated and scaled, we now rotate the target object
around the origin until we find an optimum angle of rotation, #, such as the sum of
the squared distances between the corresponding landmarks of the two objects is mini-

mized.

2.3 Landmark detection

As mentioned in Chapter 1, a landmark has a position in the image, which is invariant

when the scene changes. Landmark detection refers to methods that can automatically
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give their coordinates. These methods usually include several steps from extracting the
object/region of interest at the segmentation step to figuring out the coordinates of the

landmarks. In this section, we present algorithms that are usually used to do that.

2.3.1 Based on the curvature estimation

The methods based on curvature estimation assume that landmarks are on the contours.
They usually concentrate at the corners of the shape or at the folding point of the
edge. At each point on the curve, the local extreme curvature is computed and used to
identify the landmark. In practice, many algorithms have been proposed to calculate
the curvature at a point on the curve by using the information of the neighboring points
which were indicated as the support region of a point (called support region).

Considering a contour C' is a set of points:
C =A{P(z;,y))|i =1,2,3,...,n} (2.10)

where n is the number of points, P, is the ith point with coordinates (z;,y;). The
curve C can be represented by using n Freeman’s chain code [Fre61] and is denoted as
{c1,¢9,¢3,...,cn}. If ¢;_1 = ¢;, P; is a point in a linear edge, otherwise it is a break point
and is a candidate to become a landmark.

Teh [TC89] has first presented a parallel algorithm for detecting key points on a
digital closed curve without any input parameters. It was able to work with multiple
sizes (lengths) of the digital curve. The procedure first determines the region of support
for each point based on its local properties (e.g., Freeman chain code), then computes
measures of relative significance curvature of each point, and finally using non-maxima
suppression [NVGO06] to detect key points. From the method, many other ones based on
measurement curvature were suggested to detect the key points. Basically, these meth-
ods all rely on finding support regions before applying different techniques to measure
characteristics in order to indicate the key points: Ray and Ray [RR92] used the support
region and the measure of the significance of each point, which has been computed by

using relation with the neighboring pixels, to predict the key points; Cornic [Cor97]
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suggested computing left and right support regions, then the key points were detected
by a logical function relied on these support regions; Wu [Wu03] preferred to detect
the key points with local maximum smoothing bending value; Marji and Siy [MS04]
proposed to find the endpoint of each support region before ranking and using them
for detecting the key points; Carmona-Poyato et al. [CPFGMCMCO5] calculated the

adaptive blending value to indicate the location of the key points.

2.3.2 Based on considering the descriptors

The descriptors based methods are mostly focused on the invariant property of the
landmarks, e.g., if the scene’s point of view is changed by scaling or translating the
objects. Accordingly, the methods consider different scales of the input image. In the
first step, the descriptors of the image have been computed for each scale. Then, the
properties of descriptors are considered to indicate the location of the key points. The
methods that should be mentioned in this group are Scale-invariant feature transform
(SIFT) which has been proposed by D. Lowe [Low04], and Speeded up robust features
(SURF) method of Herbert Bay et al. [BTVGO06].

In SIFT, the key points are considered as invariant to the transformation of the im-
age. The method mainly includes 4 steps: (1) scale-space extrema detection which con-
siders all scales and orientation of input image to produce the key-point candidates, (2)
keypoint localization to refine the key point candidates by suppressing the points which
have the low contrast or are poorly localized along an edge, (3) orientation assignment
to calculate the orientation and gradient magnitude of key points by considering their
4-neighborhoods, and (4) keypoint descriptor to build the descriptor for each key point
based on the orientation and gradient magnitude values.

In practice, a Difference of Gaussian (DoG) [WD] is first applied to identify the
interest points at all scales of the image. The key points are indicated as the maximal
and the minimal of the DoG function results. However, this process produces a lot of

key point candidates with some of them unstable (they are candidates in some scales
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but not in other ones). In the second step, the key point candidates are localized and
refined by suppressing the ones which have low contrast or far away from the objects.
In the third step, the orientation and gradient magnitude of key points are calculated
by considering their 4-neighborhoods. Finally, the descriptor is computed for each key
point based on the orientation and gradient magnitude values of a 16 x 16 region around
the key point. The descriptor is presented as a 4 x 4 histogram, each element includes

8 bins corresponding to 8 ranges of gradient orientations (45° for each range).
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Figure 2.6: SIFT descriptor of a 16 x 16 patch.
Left: the gradient at each pixel of the patch. Right: Key point descriptor

Figure 2.6 illustrates the process to compute the descriptor for a detected feature.
Firstly, a window of 16 x 16 pixels around the feature is extracted. Secondly, the gradient
angle (orientation) and gradient magnitude are computed for each pixel. Then, the
pixels in the window are divided into 4 x 4 grid (left figure). Finally, the descriptor
of the region is built by combining the orientation histogram of all regions 4 x 4. For
each region 4 x 4, an orientation histogram is created by considering the angle and
the magnitude of the gradient. The x-axis of the histogram includes 8 bins covering the
360° ranges of gradient angles (each bin is 45°). The y-axis of the histogram presents the
gradient magnitude. During the histogram construction process, if the gradient angle
at a pixel is appropriate with the presented angle of a bin, its gradient magnitude will
be added to the corresponding bin of the histogram.

In the same context, Herbert Bay et al. [BTVG06] presented the SURF method. It
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has the same principles as SIFT but details at each step are different. This algorithm
mainly has three steps: (1) key points detection, (2) local neighborhood description,
and (3) matching. Different from SIFT, SURF uses a blob detector based on the Hessian
matrix to find the key points. The Hessian matrix is used as a measure of local change
around the point and chooses the points where this determinant is maximal. Then, the
descriptors are computed around the key points by describing the intensity distribution

of keypoint’s neighborhoods.

2.3.3 Based on measuring the similarity

Besides using to register two images, template matching could be used to detect the
landmarks in the image. To do that, we use an image and its manual landmarks as the
reference. Then, we try to estimate these points on another one, the target image. For
each source landmark, we extract a small window centered at that point. Then, we slide
the window on the target image to find the best matching region with the window by
calculating the cross-correlation score (see Section 2.2.1).

As an application of PHT and template matching, Palaniswamy et al. [PTK10]
have proposed a method to predict the landmarks on wing images of Drosophila fly
[SVPT15]. Their proposition uses a source image and its manual landmarks to estimate
landmarks on a target one. The method is a pipeline of four steps: segmentation, reg-
istration, estimation, and verification. Firstly, the shape contours of source and target
images are extracted and saved as a list of points by using the Canny algorithm [Can87].
Then, they have converted the list of points toward approximated lines [TRY95] for the
next step. Secondly, the geometric relations between the lines (angle and perpendicular
distances) have been used to encode the features into the invariant form by applying
the Pairwise Geometric Histogram [ETM93]. After that, the matching features between
the two objects are determined by computing the Bhattacharyya score [Bha43]. Thirdly,
Probabilistic Hough Transform [KEB91] is applied to register two objects and to set the

hypothesized coordinates of estimated landmarks on the target image. To verify the
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position of an estimated landmark, they have extracted the small patch centering at
the source’s landmark (P), and another region centered at the corresponding estimated
landmark on the target image (R). It is worth to note that the size of the patch P is
smaller than R. Then, the template matching [Bru09] is used to find the best match
position of the patch P in the region R.

As the preliminary work to test the possibility offers by image processing techniques,
we have implemented their method and applied it to mandible images. The implemen-
tation of the algorithm is available on our framework [IVBAKP17]. All the details of

this process will be described in Appendix A.

2.4 Testing landmark detection methods on our dataset

As described in the previous section, several methods have been proposed in the liter-
ature to predict the coordinates of landmarks. These methods can be divided into two
groups: the first group includes the methods that can directly provide landmarks by
studying features of the image without a-priori information; the programs of the sec-
ond group input pre-defined landmarks (of a source image), use them as references,
and predict their locations in another image (target image). In this section, we examine
the performance of two methods belonging to the two groups on our dataset: SIFT and
template matching. Accordingly, we have used the two functions corresponding to two
methods provided by Fiji library [SACF"12] to do a quick test.

Figure 2.7 shows the best result that we have obtained with the SIFT method. Fig-
ure 2.7a illustrates a target image with the waited landmarks. Figure 2.7b shows the
estimated landmarks on the target given by the SIFT method of the Fiji library. We can
see that SIFT has produced too many key points on the image. In these points, some of
them are expected, while others are errors.

Figure 2.8 shows the best example with template matching. Figure 2.8a shows a
source image with a patch around the landmark (green region) that we would like

to predict in the target image. Figure 2.8b represents the last result of the template
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a . Target image and expected b . Landmarks provided by SIFT
landmarks (red points) (yellow points)

Figure 2.7: A result on right mandible with SIFT method [Low04]. From left to right:
the mandible image with manual landmarks, the estimated landmarks
provided by SIFT, respectively.

matching process. The red region is indicated as the position of the source’s patch on

the target image.

a . Source image and searching b . Template matching’s result
region (green one)

Figure 2.8: The result of the template matching technique. Left: the source image with
a patch centering at expected landmark (green area). Right: the small
green patch represents the source’s patch, the red area is the corresponding
region of the source’s patch on the target image.
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From these two samples, we can tell that SIFT results need to be improved, for ex-
ample, by adding specific information. The template matching is able to detect correctly
the region to push predicted points. We have followed this track to propose a pipeline

to predict landmarks on our dataset.

2.5 Conclusion

In this chapter, we have focused on methods for segmentation task which is often the
first and important step in the image processing methods. Then, we have also described
the techniques to register objects. We have also presented the different methods to
determine the landmarks/key points in 2D images. Most of these methods are not only
focused on the landmarks located on the contours of the object but also concentrated
on the landmarks within the objects. Although each proposed method is applied to
a specific problem but in general, it is possible to combine several image processing
algorithms to create a new method for landmarking. As an application of these steps,
we introduce a proposition for automatic landmarks prediction on beetle images in the

next chapter.
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The previous chapter has given an overview of several well-known image processing
techniques that can be applied for landmark detection. It has also described various
studies focused on automatizing key points setting on 2D images. Usually, these meth-
ods combine some image processing algorithms to perform the feature extraction before
predicting the coordinates of landmarks. The choices of algorithms depend on the char-
acteristics of the image, as well as the type of landmarks.

This work has been initialized by studying the article presented by Palaniswamy et al.
[PTK10] which was designed to predict the landmarks on Drosophila wings [HMGCO03]
during my Master’s degree internship. It has been done to test the reproducibility of his
method on our dataset. It is worth to note that the article gives steps of the method, but
it does not mention how to realize them. To test the suitability of their processes with
our application, we have followed and found down solutions to implement the steps in
their method. At the beginning of this thesis, we have adjusted some elements in his
procedure to improve the results. Details of these realization steps will be presented in
Appendix A.

This chapter presents the works that we did during the first year of the Ph.D. We have
proposed to modify or to replace some steps of the Palaniswamy method to predict the
landmarks in the mandible images (left and right). We have called it, Iterative Method
to Estimate Landmarks (IMEL). In the same context as Palaniswamy, our method uses
a source image and its manual landmarks to estimate the landmarks in another one,
named target image. Before going to the details, we outline the steps of our proposition

in the next section.

3.1 Overview of IMEL method

In the method of Palaniswamy, an image needs to pass through four steps before pro-
viding the coordinates of estimated landmarks, in which two processes require the ma-
trices computation. These calculations could request numerous memory resources and

be time-consuming, e.g., to build a Pairwise Geometric Histogram (PGH) and to reg-
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ister two objects by using PHT (more details in Appendix A.IIl .). Their method has
provided more than 90% of predicted landmarks which have less far 2 pixels from the
manual ones. However, these results have not been at the same levels when we have
applied it to mandible images. A quick analysis has been done to point out the differ-
ences between the two applications: first, a portion of the mandible is very noisy. It will
affect the process to predict the landmarks. More, the landmarks on the fly wing are
positioned at the intersection between veins, which are not difficult to identify. Last,
mandibles present a variety of sizes that could be more complex than in the fly wings.
Before going to the details of IMEL, Figure 3.1 illustrates the three steps in our
pipeline: features extraction, shape registration, and landmarks refinement. Firstly,
extracting the mandible shapes (source and target) and saving as the lists of contour
points. Then, using lists of contour points to register two mandible shapes by apply-
ing an iteration of transformation operations. Finally, the coordinates of estimated
landmarks are refined by extracting and comparing the local descriptors around the

landmarks (SIFT descriptor).
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Figure 3.1: Illustrates the steps in our proposition.

It is worth to note that our proposition is different from Palaniswamy’s method.
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Firstly, it is not necessary to convert the contour points to lines to register two mandible
shapes. Instead, we directly use the coordinates of contour points. This makes the com-
putation of our method simple and does not require to build large matrices. Secondly,
we have used the local descriptors to refine the locations of predicted landmarks instead
of considering the pixel’s values (template matching). All the next sections will detail

the steps of our proposition.

3.2 Mandible extraction

The beginning of the procedure, extracting mandible shape, is the same as in
Palaniswamy’s method [PTK10]. To do that, two threshold values are needed to de-
termine the potential edges as it is mentioned in Section 2.1.3. These values could be
extracted from the image’s histogram [[VBAS*16]. Fortunately, in the case of mandible
images, each image only presents a single object onto a good-looking background. It
promises that the histogram of the image will exhibit only two regions. Consequently,
the histogram exhibits only two peaks and a valley. The threshold values are easy to
extract from this histogram. We have firstly converted all the pixels of the color image
to the gray-scale mode by using Equation 3.1. Then, the histogram of the gray-scale
image has been built and analyzed to determine the threshold value.

Gray =0.299« R+ 0.587+« G+ 0.114 « B (3.1)
Where:

e (Giray: is output gray-scale value.

e (R,G, B): is the values at red, green, and blue channels of the considering pixel.

Figure 3.2 shows the gray-scale histogram of a right mandible image. To determine
threshold value from the histogram, we have firstly detected the positions of the two
peaks and the valley on the histogram: The first peak and the valley have been identified
as the highest and the lowest values from the first to the median values in the histogram.

The second peak is the highest value after the median. Secondly, two center positions
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have been indicated for two regions: The first region begins from the first peak to the
valley, whereas the second region starts from the valley to the second peak. Finally, the

threshold value is indicated as the average value of the two center positions.

peak 2

peak 1

valley

Figure 3.2: The histogram of an gray-scale right mandible image in our dataset. The
peaks and valley are illustrated on the figure.

By using these thresholds, the lists of contour points have been extracted as in
Palaniswamy method [PTK10] and they are used as the input to register the two

mandibles in the next step.

3.3 Shape aligment

As mentioned in Section 1.5, the biologists have provided us images with the same size
and same resolution for all mandibles, but mandible objects could have different sizes
because of the various sizes of the beetles. Moreover, the position and the orientation
of mandibles could vary during the acquisition process. In this section, we describe the
procedure that we have used to register two mandible shapes.

As mentioned, IMEL differs a little bit from Palaniswamy’s method from this step.
We have chosen to register the source and the target shapes from the list of points
instead of using the list of lines. The fact is justified that some landmarks are positioned
into a noisy area of the mandible, and they are not on line intersections as in the case
of fly wings. We can hope that using a list of points could reduce the error range

in the shape description. In this case, Procrustes could be a candidate for this step.
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But, we have decided to use another way, and we have kept this kind of analysis for
other objectives after achieving the landmarks for every mandible. So, IMEL has been
designed to registers the source and the target shapes by iterations of transformation
operations.

Firstly, we determine the center point and the axes for each mandible shape (both
source and target) from the list of contour points. The center point corresponds to
the mean coordinates of all contour points. The first axis is the line which connects the
center point and a point on the contour, and has the minimum average distance to other
contours points, we named it the Axis with the Min Distance (MDAxis). The second axis

is perpendicular to the first one. Algorithm 1 describes the process to find the MDAXis.

Algorithm 1: Algorithm to find the MDAxis from a list of contour points
Input : Centroid c, list of contour points [
Output: MDAXis a
1 for all points p; in [ do
for all points p; in [ do
if Di 7é Dj then
| Compute the orthogonal distance d;; between the line (c, p;) and p;.
end
end
Compute d,,.., as the average distance of all d;; distances.
if d,,can 1s minimal then
‘ Pmin = Dis
10 end
11 end
12 The axis is: a = (¢, pmin)-

© ©® N O Ul N W N

Secondly, the parameter values of the transformation operations are defined. The
translation value is the distance between two center points; the rotation value is the
different angle between the axes of the two images. Then, the center point of the target
shape will be translated to match with the center point of the source shape.

The matching between the two shapes is evaluated by re-computing and comparing
the registration (center point and principal axes) information of two objects. It is worth

to note that the registration information can be imprecise if the list of points is not cor-
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rectly positioned on the contour. It is mainly the case of the points belonging to the base
part of the mandible. To reduce the effect of this problem, we have sorted the contour
points according to their y values. Then, we have only taken into account a subset of
contour points (the upper part) for computing. After several tests, we have fixed the up-
per part containing the points that have y-coordinate larger than one-quarter of shape
height. This part is used to compute the center point and axes in the iterations.

One can note that the coordinates of the points on the contour will be updated after
each registration step. It makes some points that have y-coordinate smaller than the
limit value could be moved to the upper part and vice-versa. Consequently, we will
most often have a new subset of points to compute the registration information. These
steps will be repeated until we satisfy the conditions to have an angle of rotation is less
than 1.5 degrees. In all experiments, the range of the number of useful iterations is

between 3 and 5 repetitions to reach the best registration.
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Figure 3.3: The registration process and its result on a right mandible.

Figure 3.3a illustrates the steps in the process to register the two mandible shapes.

Figure 3.3b shows a sample of the process to register two mandibles: the red contours
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are the source’s contours, the black outlines are the target’s contours after one iteration
of the process, the blue ones are the final results of registration process.

At the end of this step, the source’s manual landmarks are set on the target image.
They are considered as the theoretical positions of predicted landmarks on the target
mandible. By experiments, we have observed that some predicted landmarks could stay
a little bit far from the ground truth. So, we have introduced a last step in the procedure

to refine the results.

3.4 Refinement of estimated landmarks

As we mentioned, some landmarks are close to manual ones, but some others are far
away, and even sometimes they are not on the contour. To improve the accuracy of
prediction, we have added a new step in our pipeline to refine the position of estimated
landmarks by using the SIFT descriptor [Low04]. Commonly, the SIFT descriptor is
computed on the whole image. However, we have modified some aspects of the original
version to define a specific process for our identification. We have chosen to re-use the
information coming from the previous step to define a small area, e.g., a patch, around
the source and predicted landmarks, and to extract the SIFT descriptors from these
patches.

As usual, the computed SIFT descriptor consists of computing the orientation and
the gradient magnitude of each pixel belonging to the patch. The SIFT method takes
into account eight bins to cover all directions of the gradient orientation: 45 degrees
for each direction class. Additionally, the feature vectors are normalized to reduce the
influence of illumination. In the original SIFT method, the patches of 16 x 16 pixels are
taken into account. However, we have chosen the size 9 x 9 for the patch in the source
image after testing several different sizes of patches such as 16 x 16, 18 x 18, 36 x 36 or
54 x 54. In the target image side, we select the region with a size of 36 x 36 (defined
by experiments) to search the best match with the source’s patch. Figure 3.4 shows the

orientation and the gradient magnitude of each pixel in a patch of 9 x 9 centered at a
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Figure 3.4: The SIFT descriptor of a patch. In the left figure, the orientation and
gradient magnitude of each pixel in the patch. In the right figure, the
arrow length corresponds to the sum of gradient values in each direction.

landmark (left) and its SIFT descriptor (right).
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Figure 3.5: Illustration of the process to apply SIFT method in our approach.

Concretely, a patch P, centered at the source’s manual landmark (9 x 9) and a patch
P, centered at the estimated landmark (36 x 36) on the target image are initialized.
Then, the SIFT descriptor is computed for P;. For each pixel in P, a sub-patch P/ is
extracted with the same size as P, and the SIFT descriptor is built. In order to compute

the agreement between two patches, their SIFT descriptors are compared by computing
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the L2-distance (Equation 3.2). This process is repeated until all pixels in P, are con-
sidered. The new predicted coordinates of the landmark will be set at the center of the

sub-patch P/ which has the smallest distance L to P, (Figure 3.5).

L(D1,D2) = > +/(D1; — D2;)? (3.2)
=0

Where:
e 1 is the number of directions
e D1 and D2 are two descriptors of size n

e D1;, D2, are the i" value in descriptor D1, D2

3.5 Results

All the steps of the IMEL have been also implemented in MAELab framework! and
have been verified on two sets of images: left and right mandibles. After verifying
the images, it remained 286/290 workable images of the left/right mandible. A set of
16/18 landmarks for each left/right mandible is considered as ground truth. In order
to provide the estimated landmarks, we have randomly chosen an image in each set
(left and right mandible) and used it as the source to predict the landmarks on others
images considered as the targets. For example, the Md28 and Mg52 images have been
randomly selected as the source images for right and left mandibles in our experiment,
respectively.

After checking these results, we have noticed that it remains some estimations that
are a little bit far from the ground truth, and we have wanted to go deeply to the
analysis. As we have discussed in Section 3.3, mandible shapes could show different
sizes. We have found that our method is sensitive to this parameter. To improve the

results, a pre-processing process has been inserted to estimate the scale between the

I'The functionalities of MAELab are described in Appendix B.
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source and the target image before computing the SIFT descriptors. According to that,
the bounding boxes around the source and the target mandibles have been computed.
Then, the scales on = and y dimensions have been determined by computing the ratio
between the corresponding sides of the bounding boxes, and the target contours have
been scaled to fit the source contours.

We have evaluated our results at two scales: first to verify when we use the predicted
landmarks to compute the centroid size, do we obtain similar results than the obtained
results from ground truth landmarks, and do we satisfy the requirements of biologists
analysis? Secondly, are the predicted landmarks good enough to be displayed in the
place of manual ones in an user interface?

The first evaluation is to compare the results provided by IMEL to the results ob-
tained from the use of the Palaniswamy method (Appendix A). The biologists have
suggested computing the difference between the two centroid sizes (manual and esti-
mation). The error has been calculated following Equation 3.3, which has been done

with Palaniswamy results.

100 * |(Original_Size — Estimated_Size)|
Original_Size

Percent_ Of Error = (3.3)

Where:

e Original Size: is the centroid size calculated by using manual landmarks (ground

truth).
e Estimated_Size: is the centroid size computed by using predicted landmarks.

Figure 3.6 shows this comparison. The orange columns remind the results from
Palaniswamy method, while the blue columns represent the IMEL ones. To remind the
previous results, their method applied to the beetle’s mandible datasets provided 150
right and 140 left mandibles with an error of less than 5% of the difference between
the centroid size of the manual and estimated mandible. Our proposition has provided

more precisely the coordinates of predicted landmarks than the Palaniswamy one. We
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have obtained 273 right and 262 left mandibles with the same error threshold (less than

5% of errors).
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Figure 3.6: The frequencies of images at each percentage of error between the manual
and estimated centroid sizes.

Figure 3.7 shows the location of manual and estimated landmarks on an example of
a left and a right mandible. First of all, the estimated landmarks are quite near manual
ones. However, as it has been shown in Figure 3.6, we can see that it exists a small
difference in the prediction on two sets of images: the predicted coordinates in the
right mandibles are closest to the manual landmarks than the left ones. In section 3.3,
we have also discussed that it could exist of variations in the left mandible size than the
right. This hypothesis has been arisen by biologists, but it has not been clear when we
have tested the dataset.

In the second attempt, we are also interested in the accuracy of each estimated
landmark. We have calculated the distances between the manual landmarks and the
corresponding predicted ones. Then, we provide the percentage of proportions based
on the distance between manual landmarks and estimated ones. These proportions
have been calculated based on several ranges of pixels, as mentioned in Palaniswamy’s
article.

As mentioned in Appendix A, we have compared the distances (between the man-
ual and estimated ones) on mandibles and fly wing (in the article) provided by

Palaniswamy’s method. To deal with the difference of image sizes, we have scaled
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a . Left mandible b . Right mandible

Figure 3.7: The manual (in red) and estimated landmarks (in yellow) on a left and
right mandible.

the distances on mandibles. So, to be able to compare with previous results, we have
normalized the distances that we have obtained by the IMEL method. To remind the
values that we gave in Chapter 1, the initial resolution for mandibles is 1500 pixels/mm.
As we have normalized the distances in the following tables, the considered resolution
is 600 pixels/mm.

Tables 3.1 and 3.2 show the proportion of accuracy at several ranges of errors (in
pixels) that we have considered on the left and right mandibles. First of all, the obtained
scores with our proposition are better than Palaniswamy’s ones. For example, for both
left and right mandibles, we obtained more or less 50% of the dataset which exhibits
an error of distance less than 20 pixels (Tables 3.1b and 3.2b), which is far from the
performance of the Palaniswamy method (Tables 3.1a and 3.2a).

As the last evaluation of results, we have considered the average distance obtained
with IMEL at each landmark position. Figure 3.8 shows the average values at each land-
mark position on each set of mandible images. In this figure, the blue/green curve rep-

resents the values of left/right, respectively. For the right mandible, the lowest/highest
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Pixel . . Pixel . .
range No. of points | Proportion (%) range No. of points | Proportion (%)
<5 36 0.784 <5 411 8.982
<10 106 2.308 <10 948 20.717
<15 156 3.397 <15 1411 30.835
<20 252 5.488 <20 1860 40.647
<30 426 9.277 <30 2779 60.73
<50 789 17.182 <50 3734 81.6
a. With Palaniswamy’s method b. With IMEL

Table 3.1: The proportion of several ranges (in pixel) on the left mandibles set.
Comparison between the two methods: Palaniswamy method [PTK10] and

IMEL.
Pixel No. of points | Proportion (%) Pixel No. of points | Proportion (%)
range range
<5 71 1.36 <5 598 11.616
<10 170 3.257 <10 1482 28.788
<15 306 5.862 <15 2280 44.289
<20 424 8.123 <20 2950 57.304
<30 717 13.736 <30 3833 74.456
<50 1236 23.678 <50 4533 88.054
a. With Palaniswamy’s method b. With IMEL

Table 3.2: The proportion of several ranges (in pixel) on the right mandibles set.
Comparison between the two methods: Palaniswamy method [PTK10] and
IMEL.

value is 13.55/46.30 pixels corresponds to 1.3%/4.8% of the image’s size. In the case of
the left mandible, these values are 12.75/52.75 pixels agree to 1.3%/5.5% of the image’s
size, respectively. As we have mentioned before (Figure 3.3b), the segmented contours
at the base are noisier than on the tip of the mandible. It explains why the accuracies at
the 11*", 12** landmarks on the left mandible and the 13, 14" landmarks on the right
mandible are less than the others. Again, the left mandibles have more variety of sizes
than the right ones. It illustrates the accuracy of the right part is always better than the

left in all experiments.
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Figure 3.8: The average distance at each landmark of two sets of images. The
blue/green represents the mean distances on left/right mandible images.

3.6 Discussion

In the same context to identify the landmarks on biological images, D. Houle et al.
[HMGCO03] have described a method based on analyzing the curves belonging to the
wing shape of the fly. The method has been evaluated on 535 Drosophila wing images
(12 landmarks on each wing) and the obtained mean proportion of well-estimated land-
marks is 82%. Ke. Yan et al. [KST04] have proposed to combine SIFT descriptor and
Principle Component Analysis (PCA) for characterizing and identifying the matching
points between the images in Graffiti dataset. The method firstly finds the landmarks
in each image. Then, they are used to determine the matches between the pictures.
Their process has obtained an accuracy close to 95%. One can note that MAELab? with
all the program dedicated to the automatic identification of landmarks on 2D images of
mandibles are available from now.

The results of this section have been presented as:

e a paper [[VBAKP17] presented at the international Conference on Computer

Graphics, Visualization and Computer Vision 2017 (WSCG-2017).

%It is freely available on Github at the address: https://github.com/linhlevandlu/MAELab2019
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e a poster presented at GRETSI, 2017.

a . Segmentation of source b . Segmentation of target ¢ . Landmarks on target image.

image image Red is prediction, yellow is
manual.

Figure 3.9: The results of two steps (segmentation and landmarks detection) on a
pronotum image.

To see how our proposition works on other parts of beetle, we have first applied
the steps on pronotum images. Figure 3.9 shows the results that we have obtained
on a pronotum. As we have mentioned before, the pronotum image is different from
the mandible because it contains not only the studied object but also other anatomical
parts, e.g., legs and parts of the head or elytra. The results have shown that the prono-
tum image is quite segmented (Figure 3.9b), but the predicted landmarks are totally
incorrect (Figure 3.9¢), and really far from the manual ones. Clearly, the appearance of
noisy elements has caused trouble for the treatments.

During the last ten years, new methods have been proposed to solve different
problems in computer vision without using image processing techniques, e.g., SVM
[CYSCO03, IV12], random forest [Bre01, GEWO06], neural network [LKF10, LBH15].
These methods have appeared in different computer vision applications such as image
registration [ZGS17, YKSN17, WQL" 18], object detection [GDDM15, GG15, ZCG*19],
face recognition [LZS16, WGT 18], or automatically identify landmarks on the images
[SWT13, Zt14, CQSA"16, WGT"18]. Those methods have also opened new directions
for landmarks detection by using machine learning methods. In our case, we have cho-

sen to turn to Deep Learning methods without the necessity of the segmentation step in
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order to check if this way can provide an efficient solution to estimate our landmarks.

3.7 Conclusion

In this work, we have presented a pipeline, IMEL, for the automatic estimation of land-
marks on mandible images. The proposed method includes a step of segmentation to
extract the shapes of the mandibles. Then, an iteration of transformation operations is
applied to register two forms before predicted the hypothetical landmarks on the target
object. Finally, the SIFT descriptor is used to improve the estimated coordinates. The
method has been implemented in MAELab framework and has been evaluated on two
sets of mandible images. For this dataset, we have shown that we can provide a set
of landmarks that can be used to compute the centroid size or to apply other kinds of
analysis on the mandible instead of the manual ones, for example, in Procruste analy-
sis. Moreover, a set of refinements as computing the SIFT descriptor on a selected patch
around the first estimation has reduced the distance between the estimated coordinates
and the ground truth. It makes our proposal satisfactory for biologists as a possibility to
replace manual settings.

From now, the next step consists in switching to analyze other beetles parts and
to remove the manual interventions. However, these images are more complex than
mandible ones. It is not so easy to extract the studied objects for the registration step.
Unfortunately, this is an essential step in our proportion to align two objects and to
set the landmarks. The experiments on pronotum have shown that these steps are the
bottleneck of this kind of method. The segmentation that has implemented in IMEL
can be considered as not really expert, and efforts could be made to improve this step
with newer methods. But, we have preferred to investigate deep learning methods,
especially Convolutional Neural Network, which has risen in image processing recently,

to try to pass this difficulty.
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In the first year of this work, the image processing techniques have been studied and
applied to determine the landmarks on mandible images. This chapter turns to another
approach of landmark detection, using machine learning algorithms, specifically deep
learning, to study the other anatomical parts of the beetles.

This chapter begins with an overview of some machine learning and deep learning
algorithms. Then, we present Convolutional Neural Network (CNN), a specific variant
of deep learning for computer vision task, and its components. Next, we will turn to
transfer learning, a complementary approach in deep learning. Finally, the chapter ends

with some applications which have used CNN to analyze 2D images.

4.1 Machine learning and neural network

4.1.1 Machine learning

Machine learning [Sam88, MST*94] refers to teaching computer the abilities which are
mostly done by humans. It addresses the question: “How to make the machine learns
better in the future based on current or past experiences?” [Sam88]. The answer to
this question could be to create a process that can learn directly through experiences or
observe the behaviors of an algorithm on a dataset. An algorithm which is built for tasks
of a machine learning system and able to learn from data is called a machine learning al-
gorithm [MST"94]. Nowadays, machine learning algorithms are widely used in various
applications. Depending on the approach, type of input/output data, and kind of tasks
to achieve, the machine learning algorithms can be categorized into three categories:
supervised or semi-supervised learning, unsupervised learning, and reinforcement learning.

In supervised learning [RN16], the algorithms learn from examples. In the training
process, each pair of input data and its ground truth label is given to the model. The
algorithm analyzes the input data and tries to optimize its parameter values. Then, the
model is used to find the label of new data. As supervised learning, semi-supervised

learning develops the model for the incomplete training data, which includes a portion
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of data that does not label.

In unsupervised learning [Sam88, Fri98] the algorithms track operations to describe
the structure of unlabelled data. For example, clustering analysis is a branch of this
group that proposes to classify the unlabeled data. The algorithm tries to identify the
common features of data belonging to a group. When a new piece of data appears, it
will be assigned to the group which exhibits the same common features.

Reinforcement learning [KLM96, SB*98] concerns how to map situations to actions
so as to maximize a numerical reward signal. In an essential way, reinforcement learn-
ing can be seen as a close-loop because the learning system’s actions influence its later
inputs. At each round, the learner discovers the actions which can bring the best reward
by trying them out. Reinforcement learning is different from supervised or unsupervised
learning: it tries to maximize the reward signal instead of indicating the correct/cluster
category of the situation.

From the first appearance till now, many machine learning models have been intro-
duced, e.g., Decision Tree [Qui87], Clustering [L1082], Support Vector Machine [CV95],
Neural Network [MP43]. In these models, Neural Network is different from these mod-
els. It is a combination of hundreds of unit process to solve a problem. Each unit learn
to perform the tasks by considering examples without programming of any task-specific
rules. Nowadays, Neural Network becomes very popular for regression and classifica-
tion problems, but over time they have been transformed to adapt with all manner of

problem types such as object recognition or speech recognition.

4.1.2 Neural Network

Neural Network [LBH15] is a computing system based on a collection of connected
units, called neurons, which are inspired by the biological neural network. In the bi-
ological model, each neuron hires an “activation function” to decide which action will
apply to the input. An axon, is a connection between two neurons, to transmit the sig-

nals. Each axon is partnered with a weight to adjust the “importance” of the inputs. It
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is used to increase or to decrease the strength of the sending signal to the next unit.
Figure 4.1 illustrates the exchange signals between two human neurons. The signals
will be processed, converted and passed through the axon to the second ones. At the
second neuron, the signals can be accepted or rejected depending on their strength. The

signals are then processed at the second neuron and sent to the next neuron.
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Figure 4.1: A drawing of a biological neuron!.

In practice, the neurons are grouped to create the layers and a neural network is
built from a set of layers. The layers in the neural network can be classified into three
types: input layer, hidden layer, and output layer. The input layer receives input data,
then passes to the hidden layers before returning to the output. In a neural network,
the number of input data for each training time is variable and depends on the capacity
of resources. However, even different kinds of data in various applications, e.g., image
or text, these data have to be converted to vectors before providing to the network.
In the same situation, the number of hidden layers and the number unit in each layer
is also the model’s hyper-parameters. These layers can be inserted into the model to
improve the power of the network. In practice, these values are specified through the
experiments. However, it depends on the computing capacity, as well as the complexity

of the problem that we need to solve. For example, we can use a model of two layers

Image source: https://towardsdatascience.com
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with several dozens of units for a classification task. The number of units at the output
layer is usually corresponding to the goal of the problem, e.g., it will have two units for
a binary classification task. Figure 4.2 illustrates two different architectures with and
without hidden layers (Figure 4.2a/ Figure 4.2b). A network that contains a number of

hidden layers is named Deep Neural Network, and this is the first idea of Deep Learning.

Input #1 | —  Output #1 : P
Input #1 N z A ﬁ % Output #1
Input 22 | > Output #2 e 2
Input 42 —ﬁ% r%‘ % Output #2
Input 3 | > Output #3 Toput 3 ; ' :’/' A > oupu s
a . Neural network without b . Neural network with hidden layers
hidden layers

Figure 4.2: The examples of neural network without and with hidden layers

A neural network model is not a machine learning algorithm, but a framework for
many different machine learning algorithms to work together on complex input data.
The original objective of neural networks is to solve the problems in the same way as
the human brain. It has been used on various tasks over time, including computer
vision, speech recognition, machine translation. As described in chapter 3, we have
designed a specific process based on the image processing techniques for predicting the
landmarks. We have tested the suitability of our proposition on other parts of beetles
(e.g., pronotum and head), but obtained results were not satisfying. To examine the
agreement of other answers with our problem, we have chosen deep learning to analyze
the images of other parts of beetle. The context of deep learning will be detailed in the

following section.
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4.2 Deep Learning

Deep learning algorithms have been introduced as a modern update on Neural Net-
work in the previous century with the composition of multiple layers with non-linear
functions to learn the representations of data at various levels [LBH15, GBC16]. In the
organization of a model, each level of representation is corresponding to the different
levels of abstraction. The lower layers (closed to the input) take into account the local
features, and the higher layers (closed to the output) enlarge the aspects of the input
which are important to discriminate and to suppress irrelevant variations. At the first
ages, deep learning encounters several problems to take into account real-world cases
because of the limitation of the memory size or computing power before the 2000s.
Recently, programming on the Graphics Processing Unit (GPU) has fastly grown up be-
cause of the improvement of computing capacities, both in memory size and computing

time. It has offered deep learning a new perspective to deal with the problems.

In a deep learning model, the computation can be divided into two phases: forward
phase, where the layers take the input from the previous layer, compute new representa-
tion and send to the next layer; and backward phase, where backpropagation algorithms

are applied to compute the updated values for the parameters at each layer.

From its first appearance to nowadays, many variant architectures of deep learning
have been proposed, and they have found great success in different domains. For exam-
ple, Deep Neural Networks (DNNs) to solve the classification or text analysis problems
[H"12, M"11]; CNNs to deal with the problems in computer vision such as image clas-
sification [SLJ"15, KSH12], document recognition [LBBH98, HHW19], object detection
[FCNL13, LLS"15]; Recurrent Neural Networks (RNNs) to analyze data under time se-
quence, such as language and text processing [JCMB14, SVL.14, CWB"11]. In the next
section, we focus on CNN, a specific variant of deep learning models for grid topology

data.
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4.2.1 Convolutional Neural Network

In recent years, deep learning has risen strongly as a method to solve many difficult
tasks in different domains. In serval model variants of deep learning, Convolutional
Neural Networks (CNNs) are known as good solutions to solve the problems on grid
topology data such as 2D/3D images, or video sequences. A CNN is a feedforward
network that takes the information following one direction from the input layer to the
output layer. Different CNNs architectures have been proposed. But generally, they
consist of several types of layers: convolutional and pooling layers which are stacked
together to convolve and to down-sample the inputs. Then, they are followed by one
or more fully connected layers to achieve the output of the network. Sometimes, the
dropout layers are added, for example, between the FC layers to prevent the overfitting
of the network.

Figure 4.3 shows a classic example of a CNN, the network inputs directly an image to
several stages of convolutional and pooling layers. Then, the representation is passed
to three fully-connected layers. A dropout layer is inserted after the second fully-
connected layer (it is represented by some blue nodes). Finally, the last fully-connected
layer provides the label of the input image. This architecture could be seen as the most
popular one. Now, we will describe the different types of layers that could be used to

build a CNN architecture.
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Figure 4.3: A CNN network for classification problem

Convolutional (CONV) layer is used as a feature extractor by applying some learn-
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able weights (filters) on the input image. The input image is convolved with the filters in
order to compute the new feature maps [DV16]; then, the convolved results are passed
through a nonlinear activation function before sending it to the next layer. In the CONV
layer, the neurons are arranged into groups, and each group’s size is equivalent to the
size of the filters. All neurons in a group have the same weights, however different
groups in the same CONV layer will have different weights. So, several features can be
extracted at each location of an input image.

In an application, the number of convolutional layers, as well as parameters of each
are variables. The answer depends on a few factors, for example, the capacities of re-
sources or the complexity of the problem. In practice, these values are usually indicated
by the experiments. As usual, depths of the layers are set to increase from the lower to
the higher story. The filter matrices should be designed with a small size, for example,
2 x 2 or 3 x 3 as mentioned in [SLJT15].

Pooling (POOL) layer is mostly used to down-sampling the size of inputs with
the purpose to reduce the spatial resolution of the feature map and so to reduce the
computation cost. Initially, it is a common practice to use average pooling to propa-
gate the average of all the inputs to the next layer. However, in more recent models
[KSH12, CMS12, LLS*15], the maximum pooling function has been preferred. It prop-
agates the maximum values of the inputs to the next one.

In practice, choosing pooling layers in the model depends on features that we would
like to extract, for example, max-pooling is preferred to extract features like edges,
whereas average-pooling is favored to extract the global objects. Additionally, the size of
the filter (F) and the stride value (S) are also important. These parameter values affect
its output features which are the summary of characteristics of the previous layer. There
are two common variations of pooling in the practice: overlapping pooling which uses
three as the filter’s size (F=3) and two as the stride value (S=2); and non-overlapping
pooling where the filter size equals the stride value (F = S = 2).

Figure 4.4 illustrates the differences between the maximum and average pooling:

Giving an input image of size 4 x 4 and considering a filter with a size of 2 x 2 and
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a stride of 2. If we apply to the yellow region an average pooling, the output will be
36.25. Otherwise, if we apply a maximum pooling, the output value will be 122. These

operations are the same in other color regions.

» 122

Max pooling

Average pooling

4+—

Figure 4.4: The results of different pooling

Dropout (DROP) [SHK"14] is a technique used to prevent over-fitting during the
training. The term dropout mentions the exclusion of some output units with their
connections (incoming and outgoing) belonging to a layer in the network. The units
are dropped randomly with a probability p. When applying the dropout technique,
the network becomes a collection of thinned networks [SHK"14]. So, training a neu-
ral network with dropout looks like training a collection of thinned networks. The
dropout layers are most often placed after the fully connected layers, but it is possible
to use them after the pooling layers to create some kinds of image noise augmentation
[SHK*14]. In practice, the dropout layer could be considered as a kind of method to
reduce the over-fitting in the training step.

Fully-connected (FC) layer usually follows the group of convolutional and pooling
layers to extract the abstract feature representations of the image. A CNN may have one

or several FC layers. They explain the feature presentation (their input) and perform a
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function of high-level reasoning. In practice, the last FC layer produces the outputs of
the network. Depending on the problem, an activation function can be added to pro-
mote the output values, for example, it uses the linear values for a regression problem,
but it is necessary to use the Sigmoid activation function [HM95] in the case of binary
classification.

The four types of layers that we have only mentioned are not the only ones that
exist. A large list of layer kinds can be found in the related documents of deep learning
[LBH15, GWK"18]. Deep learning addresses a lot of different application domains, such
as image classification [KSH12, CMS12], object recognition [FCNL13, LLS™15], seman-
tic segmentation [LSD15, RFB15, NHH15, CPK*17, BKC17], image creating/editing
[GPAM™ 14, RMC15], where it has encountered impressive results.

LeNet [LBBH98] model is considered as the first architecture of CNN. LeCun et al.
[LBBH98] have used it to classify the handwritten digits in cheques. LeNet exhibits a
standard architecture of a CNN that consists of two convolutional layers, pooling layers,
followed by two fully connected layers. But to be applied to realistic problems, this
model requires huge computation capacities and a large amount of training data which
were hardly available in the early 2000s. In the last ten years, the computing capabili-
ties have drastically improved, while at the same time, a huge amount of data became
available, new models of neural networks appeared well adapted to this new environ-
ment. One of the first ones is AlexNet [KSH12], which is similar to LeNet [LBBH98]
but with a deeper structure: LeNet has two convolutional layers and 1 fully connected
layer while AlexNet has five and three, respectively. Furthermore, in AlexNet the acti-
vation functions have been changed, and dropout layers have been added to prevent
the over-fitting. AlexNet won the famous ImageNet Challenge2 in 2012. From the
success of AlexNet, a lot of different models have been proposed to improve the per-
formance of CNN; one can cite ZFNet [ZF14], GoogLeNet [SLJ"15], VGGNet [SZ14],
or ResNet-50 [HZRS16]. The main difference between these networks is that their ar-
chitectures became deeper and deeper by adding more layers, e.g., ResNet-50, which

won the champion of ILSVRC 2015, is deeper than AlexNet around 20 times. Besides
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applying to solve tasks in classification or recognition objects, CNNs have been used in
the applications of key points detection too. The research activities in this field will be
described in Section 4.2.3. The next section mentions another essential component in

deep learning method, data augmentation.

4.2.2 Data augmentation

From AlexNet to ResNet-50, the obtained success stories [KSH12, HZRS16] have proved
that CNN models produce better results on a large dataset but to use this technique,
the size of dataset remains a bottleneck and our own some hundred of images are
considered as modest for these models. So, it is important to be able to provide a
large dataset in order to learn more cases and to improve the learning ability of the
network. Unfortunately, in some application domains as this work in biology, providing
a large dataset is too costly. For this reason, one way to solve this problem is to create
misshapen data from real data and to add them to the training set. This process is
known as data augmentation.

In deep learning domain, the image augmentation algorithms could be grouped into
two main groups. The first group includes the methods based on the classical trans-
formations of the image, e.g., rotation, translation [KSH12, HZRS16]. In the second
group, the algorithms use the neural network to augment the dataset. These models
could be the adversarial network, the generative adversarial network [GPAM*14], or
neural style transfer [GEB15]. For more details about the methods in the two groups,
the readers could find in [SK19].

Practically, choosing the augmentation method depended on the task of the problem
that we solve. For example, the classical image transformations like rotating, translat-
ing, cropping, zooming could be used to increase the number of samples in a dataset for
an image classification task [KSH12, DT17, SLJ*15]. However, they could not fit other
tasks, for example, object detection task or keypoint detection task because re-labeled

data is more costly [GG15, ZCG"19]. In our case, we have preferred to work on the
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color channels of the image. All details of the process will be discussed in Section 5.1.

4.2.3 Landmark detection using Deep Learning

In the context of applying CNN for keypoints detection task, Liu et al. [LYL"16] have
presented a method to predict the positions of functional key points on fashion items
such as the corners of the neckline, hemline, and cuff. Yi Sun et al. [SWT13] have pro-
posed a CNNs cascade to predict the facial points belonging to the human face. Their
model contains several CNNs which are linked together in a list as a network cascade.
Three levels of the cascade are set to recognize the human face from the global to lo-
cal view with the objective to increase the accuracy of predicted key points. Zhanpeng
Zhang et al. [Z"14] have proposed a Tasks-Constrained Deep Convolutional Network
to join facial landmarks detection problem with a set of related tasks, e.g. head pose
estimation, gender classification, age prediction, or facial attribute inference. In their
method, the input features have been extracted by 4 convolutional layers, 3 pooling
layers and 1 fully connected layer which is shared by multiple tasks in the estimation
step. Shaoli Huang et al. [HGT17] have introduced a coarse-fine network to locate
key points and to estimate human poses. Their framework consists of the base convo-
lutional layers shared by two streams of key point detectors: the first stream, named
coarse stream, includes 3 detector branches (3 stacks of Inception modules [SLJ"15])
which are used to focus on capturing local features and modeling spatial dependencies
between human parts. The second one, named fine stream, receives the features which
are concatenated from the coarse stream and provides accurate localization. Cintas et
al. [CQSA'16] have introduced an architecture that enables one to recognize 45 land-
marks on human ears. Their model includes 3 times repeated structure. This structure
consists of 2 convolutional layers, 1 pooling layer, and 1 dropout layer, to extract the
features. These structures are followed by 3 fully connected layers.

In the same context of key point detection, we have developed a CNN model to

automatize landmarks on beetle’s anatomies. The details of this model will be presented
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in chapter 5.

4.2.4 Transfer learning

The most popular way to solve a problem by applying deep learning is training from
scratch. In this strategy, all layer parameters are randomly initialized. During the train-
ing, these parameter values will be updated in the backward phase to provide the best
accuracy of the model. Using the random parameter values is extremely risky. It makes
the model need a long learning time to optimize these values. Moreover, if we train the
model on a dataset that could not provide enough samples for the training process, the
model could often fall into the local minima. These problems can be escaped by training
the model on a large dataset, which includes several thousand samples. However, this
condition is hard to meet in practice because of collecting examples in the real world
is costly and time-consuming. Fortunately, we can reuse the parameter values from an-
other experiment to initial the parameter values when two tasks have a relation. This
strategy is known as a transfer learning, another way to apply Deep Learning.

Transfer learning is a deep learning technique where a model trained on one
task (called source task) is re-purposed on a second related task (called target task)
[TS09, YCBL14]. It is the improvement of learning in the target task by transferring
the knowledge, which has been learned from the source task. One of the most fa-
mous works in transfer learning is using ImageNet dataset [DDS*09] to train different
popular models, e.g., AlextNet [KSH12], VGG [SZ14], ResNet [HZRS16]. Then, the
parameter values of these models are provided to use as a pre-trained model to solve
various problems. Figure 4.5 shows a comparison between 2 strategies to apply deep
learning. In the traditional strategy, each model is built and trained for each specific
task (Figure 4.5a). On the opposite side, the transfer learning strategy uses the knowl-
edge on the source task to use in the learning system to solve the target task where the
source and target tasks have a relationship (Figure 4.5b).

Based on the different situations between the source (dataset/task) and target
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Figure 4.5: Different processes between traditional learning and transfer learning

(dataset/task), transfer learning can be categorized into three groups [PY10]: induc-
tive transfer learning, where the target task is different from the source task, no matter
the datasets (source/target) are the same or not; transductive transfer learning, where
the source and target tasks are the same, while the source and target dataset are differ-
ent; and unsupervised transfer learning, which is similar to inductive transfer learning,

but it focuses on supervised learning tasks.

In transfer learning, three main research questions are taken into account: (1) what
to transfer? (2) how to transfer? and (3) when to transfer? [YCBL14]. “What to
transferé mentions the part of knowledge that can be transferred across the tasks. In
a learning system, some knowledge is specific for source task, but some others may
be common between different tasks. In this case, reusing common knowledge can help
improve the performance of the target task. “When to transferé‘ asks in which situations,
the transferring should be used or should not be used. In some cases, when the source
and the target task are not related, transfer learning may be unsuccessful or be lead to
unexpected results, for example, it may even hurt the performance of learning in the
target task, which is known as the negative transfer. For example, if we transfer the
knowledge of a model that is designed to solve a classification problem to apply on a

regression problem, the model could make more errors than training from scratch. “How
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to transferé” refers to the computation of learning algorithms, which use to transfer the
knowledge. Most of the work in transfer learning focuses on a pair of two questions
“What to transfer?” and “How to transfer?” by assuming the relation between source
and target domain. However, the answers to another pair of questions: “When and how
to transfer?”, is also important.

In practice, transfer learning is mostly targeted on 2 scenarios:

e Use CNN as a fixed feature extractor: Take a CNN pre-trained on a large dataset,
then remove the last fully-connected and use the rest layers of CNN as a fixed

extractor for the new dataset.

e Fine-tuning a CNN: This situation is the same as the first one. However, it does
not only replace and retrain the last layer but also fine-tunes the weights of the
pre-trained model by extending the backpropagation. One can note that to reuse
a pre-trained model, the parameters have been adapted between two tasks. These
parameters could be the size of input images, the number of outputs, or the pa-
rameters of each layer. As usual, the parameter values at each layer, e.g., padding
or stride values, are selected to change their values to declare the differences be-

tween the two tasks.

As it is explained in [TS09, PY10], choosing a transfer learning strategy depends
on various factors, but the most important is the size of the target dataset (small or
big) and its similarity to the source dataset. The characteristic of a CNN is the generic
features extracted by the early layers while the specific features are given by the later

layers. Therefore, there are four major scenarios:

1. Target dataset is small and similar to source dataset. It is not a good idea to fine-
tune the CNN due to over-fitting concerns because the data is small. Since the
data is similar to the original data, we expect higher-level features in the CNN
to be related to this dataset as well. So, the best idea could be to train a linear

classifier on the CNN features.
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2. Target dataset is large and similar to source dataset. Since we have more data, we

can believe that we will not overfit when we fine-tune through the full network.

3. Target dataset is small and very different to source dataset. It seems that training
the classifier on the top of the network is not the best way instead of the network

should be trained from somewhere earlier in the architecture.

4. Target dataset is large and very different to source dataset. Since we have a huge
amount of data, we can completely train CNN from scratch. However, it is benefi-
cial to initialize the weights from a pre-trained model to boost the learning process
and to save time. Thus, we should have enough data and confidence to fine-tune

through the entire network.

In practice, transfer learning has been applied in different applications: Ng. Hong-
Wei et al. [NNVW15] have applied transfer learning in two stages to recognize the emo-
tions on the human faces. Starting from a generic pre-training process of two CNN archi-
tectures ( AlexNet [KSH12] and VGG [SZ14]) on the ImageNet [DDS"09] dataset, the
first stage fine-tunes the pre-trained models on a facial expression dataset [GECT13].
The second stage then takes place based only on training part of the Emotion Recogni-
tion in the Wild (EmotiW) dataset, adapting the network weights to the characteristics
of the Static Facial Expression Recognition in the Wild (SFEW) sub-challenge. Their ex-
perimental results have shown that the cascading fine-tuning approach achieves better
results than the single stage of fine-tuning on the combined datasets with an improve-
ment of up to 16%. Girshick et al. [GDDM15] have fine-tuned the pre-trained model of
AlexNet on the PASCAL dataset [EVGW10] to perform object detection and segmen-
tation tasks. The obtained results have proved that using transfer learning significantly
improved over the other methods without CNN. Shin. Hoo-Chang et al. [SRG"16]
has applied deep CNN on medical images to detect the thoracoabdominal lymph node
and to classify the interstitial lung disease. They have chosen the two famous models:
AlexNet and GoogLeNet. Their studies focused on three important factors of employing

a deep CNN to solve a problem: training from scratch, using “off-the-shelf” CNN, and
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transfer learning. In learning from scratch, all the parameters of CNN models are ran-
domly initialized and trained on the dataset. In transfer learning, they have followed
a hypothesis that: “despite the disparity between natural images, CNNs comprehen-
sively trained on the large scale well-annotated ImageNet may still be transferred to
make medical image recognition tasks more effective”. Therefore, they have used the
pre-trained of AlextNet[KSH12] and GoogLeNet [SLJ"15] models, to fine-tune on their
medical image dataset. The performance of using “off-the-shelf” was also considered
by using the pre-trained model of AlexNet as a feature extractor and training only the
final classifier. At the end of the processes, they have found that the transfer learning
strategy yields the best performance results. S. Lin et al. [LZS16] have proposed trans-
fer and specialized net (TS-Net) which fuses the general and specialized knowledge
by combining a Transfer FaceNet and a Specialized FaceNet. The former is obtained by
fine-tuning the pre-trained GoogleNet network to transfer object-recognition knowledge
to face recognition, and the latter is trained on global and local face patches to provide
the discriminative specialized knowledge for face recognition.

In order to evaluate different strategies of deep learning and to improve the results,
we have tried to transfer the knowledge of AlexNet [KSH12] on the ImageNet dataset
[DDS*09] to fine-tune on our images but the results have not been satisfying. However,
we believe that transfer learning is a good solution for our application based on what
we have studied. To keep the idea of transfer learning, we have chosen another scenario

to apply it. All details of this process will be presented in chapter 6.

4.3 Conclusion

In this chapter, we have presented some concepts of machine learning which can be
applied to solve problems on 2D images: neural network, deep learning, and CNN.
We have also described different strategies to apply a deep learning model in practice:
training from scratch or transfer learning. Due to the availability of current resources for

computing, deep learning is nowadays applied with success in a lot of image processing
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activities.

As we have mentioned in the first part of this document, the classical image pro-
cessing methods have been difficult to apply on some parts of the beetle’s dataset. It
explains why we have turned to deep learning to automatically set the landmarks on
images without pre-processing steps as segmentation.

In the next chapters, we present the architecture that we have developed to predict
the landmarks on beetles images. We will point out also how we have used transfer

learning to improve the results.
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In chapter 3, we have described the results on the left and right mandibles images
based on image processing algorithms. In mandible cases, images are pretty easy to
segment and landmarks are mostly stayed on contours of shape, using image process-
ing algorithms is appropriate, and this way has given good enough results (Section
3.6). However, the method has encountered difficulties when applying to other parts,
e.g., pronotum, elytra, and head. Those images do not only contain the studied object
part but also some noisy ones, for example, the legs in the case of pronotum images.
Additionally, location of landmarks could be both on contours and inside the object.

In this chapter, we present the architecture of the CNN that we have designed to
solve the task to automatically determine landmarks on the beetle’s images. Accord-
ingly, we have proposed a new composition of layers to build network architecture,
called EB-Net. This model has been used to analyze the three other parts of beetles:
pronotum, elytra, and head. Before to present our model, the first section describes the
data management procedure that we have applied to augment the dataset size.

The first results obtained with EB-Net have been presented as a full paper [LBAZP18]
presented at The First International Conference on Multimedia Analysis and Pattern

Recognition 2018 (MAPR - 2018).

5.1 Data management

The fundamentals of deep learning algorithms are to train models on the dataset repeat-
edly in order to reach the best accuracy. So, providing a large dataset asserts to learn
more cases and clearly improves the learning ability of the network. Unfortunately, in
some application domains as in biology, providing a huge dataset is costly and could
take a long time to be achieved (several months/years). For this reason, one way to
solve this problem is to create misshapen data from real data and to add them to the
training set. Figure 5.1 shows the images of three remaining beetle parts in our dataset.
As mentioned before, we have only 293 images for each part and this number is mod-

est to apply deep learning method. To supply that, we have augmented the number of
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images in each set of images by applying two specific procedures.

Figure 5.1: The images in three remaining parts of beetle. From left to right:
pronotum, elytra, and head

Most often in image processing, dataset augmentation [DT17, ZCG"19] uses op-
erations like translation, rotation or scaling which are well known to be efficient to
generate a new version of existing images. Using these techniques to augment the num-
ber of data has achieved good results in many applications [LKF10, KSH12, GG15]. But
as we have mentioned in Section 4.2.2, choosing the augmentation techniques depends
also on the application. In our case, we have made several tests by moving the object in
the images, but each time, we have quickly observed over-fitting in the training step. It
is why we have followed another direction to produce misshapen pictures from existing
ones by working on color channels.

Our image set is in the RGB color map, the first procedure consists of changing the
value of one of the three channels in the original image to generate a new image. A
constant value is sampled in an uniform distribution € [0, 255] to obtain a new value
capped at 255. For example, Figure 5.2 illustrates a pronotum image and three mis-
shapen versions generated by adding a constant ¢ = 10 to each channel of the original
image. Following this way, three new versions are generated from one image.

In the second procedure, each channel is extracted from the image and the corre-
sponding gray image is generated (Figure 5.3). Consequently, we have obtained 3 new
images (one per channel) from an original one. At the end of the process, 6 versions of

an original image are made. In total, the new dataset contains 293 x 7 = 2051 images
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for each anatomical part of the beetle (an original image and six misshapen ones).
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Figure 5.2: A constant ¢ = 10 has been added to each channel of an original image
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Figure 5.3: Three channels (red, green, blue) are separated from original image

In the objective to perform the learning process, we have observed the size of the
input image in some CNN models [CQSA"16, LKF10, KSH12, SWT13] and we have
noticed that the size of the input image is limited to 256 x 256 pixels in most of CNNs

for computing reason. It is worth to note that the size of our images is 3264 x 2448 as
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mentioned in Section 1.5. It seems that this size is a little bit heavy for training the
network. Consequently, all images have been down-sampled to a new size of 256 x 192
to respect the ratio between width and height; of course, the coordinates of manual
landmarks have been also scaled to fit with the new size. This operation causes a loss
of information into the image, but using the original size cannot be foreseen without

massive computing resources.

5.2 EB-Net architecture

As we have presented previously, some CNN architectures are available from litera-
ture and tools libraries. It is always possible to adapt them to a specific application by
changing the parameter values or by modifying the arrangement of layers. Accordingly,
several trials have been done before obtaining a satisfying model dedicated to land-
marks estimation. In this section, we present the three versions of the model that we

have designed to solve this task.

Max Pooling P1
kernel_size: 2x2

|-

B zZ_
31x23

1x192x256 . 127x95
254x190

Figure 5.4: The architecture of the first model

The first architecture is a very classical one inspired by AlexNet [KSH12] architecture
(Figure 5.4). It receives an input image with a size of 1 x 192 x 256, then it is composed
of three repeated structures of a convolutional (CONV) layer followed by a maximum
pooling (POOL) one. In most of CNNs, the parameters of CONV layers are set to increase
the depth of the images from the first to the last layer. This is done by setting the number
of filters at each CONV layer. In this first model, the depths of the CONV layers increase

from 32, 64, to 128 and with different size of the kernels: 3x 3, 2x2 and 2x 2, respectively.
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Inserting POOL layers after a convolutional layer is usually done. The POOL layer helps
to reduce the spatial size of the representation to decrease the number of parameters
and the computation time, as well as to control over-fitting. The operations of POOL
layers are independent of each depth slice of their inputs. In our model, we have used
the common form for a POOL layer: a filter with a size of 2 x 2 and a stride of 2 pixels.
At the end of the model, three fully-connected (FC) layers are added to extract the
global relationship between the features and to proceed with the outputs. The first two
FC layers take into account all possible features from convolutional and pooling layers.
Then, the features are passed through the activation functions before sending them to
the third FC layer (output layer). The number of outputs at each FC layer is 500, 500
and 16. The 16 outputs of the last FC layer corresponds to the coordinates (z and y) of
8 landmarks which we would like to predict on pronotum. Nevertheless, the obtained
results with this architecture have not been considered as enough good to continue to
use it. One of the main problems is the presence of over-fitting during the training
process: detailed results will be discussed in Section 5.4.

The second model has kept the same architecture as the first one. But the number
of outputs at the first two FC layers has been increased to 1000. Increasing the value at
FC layers allows getting more features from the CONV layer with limited requirements
of new computing resources. However, the obtained results are still not satisfactory, it
will be discussed also in the result section (Section 5.4).

To build the third architecture, we have defined a new concept: Elementary Block
(EB). An EB is defined as a sequence of a CONV (C;), a maximum POOL (F;) and a
dropout (D;) layer (Figure 5.5). The Dropout layer has been added to prevent over-
fitting [HSK*12, KSH12, SHK"14, SWS17, HIVDMW17]. As mentioned in Section
4.2.1, adding Dropout layers is like creating some kinds of image noise augmentation.
It provides more studied cases to the network model. Additionally, the dropout layer
will randomly drop some connections in each training iteration. This work makes the
network thinner than the original one, and training a network with the dropout layer is

equivalent to train a set of thinner models. It significantly reduces overfitting and gives
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Figure 5.5: The layers in an elementary block. It includes a CONV layer (red), a
maximum POOL layer (yellow) and a DROP layer (green).

more major improvements than other regularization methods [SHK"14]. Most often,
adding the Dropout layer is seen only before the FC layers. In our case, it is inserted in
the core of the EB. The probabilities applied for different dropouts are set to increase
depending on the step (details are given in Appendix C). The final architecture, EB-Net,
is a composition of elementary blocks, named Elementary Blocks Network.

Figure 5.6 describes the EB-Net architecture. For our purpose, we have assembled
three Elementary Blocks initially. The parameters for each layer in each elementary
block are detailed in Appendix C. Followed the Elementary Blocks, three FC layers have
been added. The parameters for each FC layer remain the same as in the second ar-
chitecture: FC1 and FC2 have 1000 outputs; the last FC layer (FC3) has 16 outputs. As

usual, a dropout layer is inserted between FC1 and FC2 with a probability equal to 0.5.

kernel_size: 2x2

[

- . o
1x192x256 " W2 xH2 W2 x H2

Figure 5.6: The architecture of the third model

111



CHAPTER 5. LANDMARKS PREDICTION USING CONVOLUTIONAL NEURAL
NETWORK

5.3 EB-Net hyperparameters

In a CNN model, the hyperparameters can be divided into two categories: model-
specific and optimizer hyperparameters [GBC16, BB12, BBBK11]. The model-specific
hyper-parameters involve the structure of the network, for example, the number of
hidden layers or the method to initialize the parameter values, which are determined
during the designing process. The optimized hyper-parameters are the variables that
are used to train a network model, for example, choosing the loss function, initializing
the values of the learning rate, batch size, number of epochs, etc.

In practice, hyper-parameter values depend on the task and the dataset. They are
usually determined empirically. There are many optimized algorithms in deep learning,
but gradient descent is well known as a good choice to reduce the loss in the neural
network. The core of gradient descent [Ama93] is to follow the gradient until reaching
a minimum of the cost function. Consequently, we have chosen the gradient descent as
the optimization algorithm with a learning rate initialized at 0.03 and to stop at 0.00001;
while the momentum rate is updated from 0.9 to 0.09999. During the training, the
values of learning and momentum rates are updated to fit with the number of epochs by
applying parameter adjustments. Additionally, we have chosen the Root Mean Square
Error (RMSE) as the loss function because it is usually used for regression problems

where the outputs are not discrete values as in the case of landmark coordinates.

5.4 First results

The network architecture has been implemented by using Lasagne framework [D*15]
and trained in 5000 epochs on Linux OS by using NVIDIA TITAN X GPU card.

To predict landmarks for all pronotum images, we have applied the cross-validation
procedure to select the test images, we will call a selection step is a round. For each
round, we have decided to choose 33 images for testing. The 260 remaining pictures

will be used to train and to validate the model. Of course, the set of 260 images has
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been augmented as described in Section 5.1 to provide 1820 images for these 2 steps.
To achieve the cross-validation steps, we have to do 9 rounds in total to predict all
landmarks. It is worth to note that we have used the down-sampled images (256 x 192,
resolution is approximated to 47 pixels/mm).

During the training and validation step, 1820 images are randomly separated into
two sets with a ratio of 60% : 40% (training: validation). In the training step, each pair
of an image and its manual landmarks are inputted to train the network model. For
each pronotum picture, a set of 8 manual landmarks is available. They are considered

as ground truth to evaluate the predicted ones.
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Figure 5.7: The losses (training and validation) of the 1* model and EB-Net

As mentioned in Section 5.2, the first and second architectures exhibited over-fitting
behavior. Figure 5.7a shows the different curves of the losses during the training and
the validation step of the first architecture. The blue curves present the RMSE error of
training processing, while the green curves are the validation errors. We can see that the
training loss is able to decrease along with the number of epochs, but the validation loss
is stable. Clearly, the over-fitting has appeared in the first model. In the second model,
no concrete change appears in the curves even the parameters of fully-connected layers
have been modified. On the opposite side of the first two models, the losses of the

third model, EB-Net, become close after several hundred epochs and the over-fitting
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disappears as shown in Figure 5.7b. Therefore, we can assume that the addition of the
dropout sequence inside the elementary block works well to prevent over-fitting and
improves the accuracy of the model precisely.

Table 5.1 resumes the losses of 9 rounds when we trained EB-Net on pronotum
images. For each round, the training and the testing images are different. However, we
can observe that differences (of the training/validation losses) among rounds are not

so high, they are tiny and stable.

Round Training loss Validation loss

1 0.00018 0.00019
2 0.00019 0.00021
3 0.00019 0.00026
4 0.00021 0.00029
5 0.00021 0.00029
6 0.00019 0.00018
7 0.00018 0.00018
8 0.00018 0.00021
9 0.00020 0.00027

Table 5.1: The losses during the training of the third model on pronotum images

After considering these results, we have focused on the location of predicted land-
marks comparing to the ground truth. So, we have calculated the distances (in pixels)
between coordinates of manual landmarks and predicted ones for all images. Then,
the average distance between manual and estimated landmarks has been computed for
each landmark position.

Table 5.2 shows the average distances by landmarks of all images in the pronotum
dataset. With the image’s size of 256 x 192, we can consider that an error around 1%
(corresponding to 2 pixels) could be an acceptable error. Unhappily, our results exhibit
an average distance of 4 pixels in the best case, the 1 landmark and more than 5 pixels
in the worst case, the 6" landmark. The values of other cases are approximate to 4.3
pixels.

Important notice: The distances are given in pixels. We want to remind you that

after down-sampling, the resolutions for pronotum, head, and elytra are 47 pixels/mm,
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47 pixels/mm, and 23.5 pixels/mm, respectively. We will keep pixel unity because we

consider the image on the screen and not on the real insect.

Landmark | Distance (in pixels)

1

2 4.4831
3 4.2959
4 4.3865
5 4.2925
6 5.3631
7 4.636
8 4.9363

Table 5.2: The average distances on all images per landmark on pronotum images.

To illustrate this point, Figure 5.8 shows the predicted landmarks in two random
cases in our test images. One can note that even some predicted landmarks are close
to the manual ones in most of the cases (Figure 5.8a), we have also some predicted

coordinates that are far from the expected results (Figure 5.8b).

4

a . Image with well-predicted b . Image with inaccuracy landmarks
landmarks

Figure 5.8: The predicted landmarks, in red, on the images in test set.

Figure 5.9 shows the distribution of distances between manual and predicted land-
marks on all images for the best and the worst cases. Each point presents the distance
between keypoints (manual and predicted one) of an image. The lines are mean values

of all distance values. It is worth to note that the mean value could reflect two different
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cases: a lot of values closed together (small dispersion) or two sets of values very far
(large dispersion). The first our results seem to exhibit a small dispersion even some
points are still far away from the mean value (the 6" landmark). We will discuss some
examples of this miss estimation in the next section and how we have improved the

global results in the next chapter.
25 25

15 15

Pixels
Pixels

L]
10 0 oy - -

10w -
[ - ] L] [ " L] v
.--‘.! L ." !L.f ‘.E " ] = = l“qn.ll‘ .e - e TF "
58 L » - = y am 5 e ] = = ;)
[ ] - n o T n L ?ai"ﬂ-ﬂ LOF Y
e T A I R L o 2Nl S g e B

0 50 100 150 200 250 200 0 50 100 150 200 250 200
Images Images

a . The 1%t landmark b . The 6t" landmark

Figure 5.9: The distribution of distances between manual and corresponding
landmarks of all images for the best (1 landmark) and the worst case (6"
landmark)

To be more confident about our conclusion, the same procedure has been applied
to two other parts of the beetle: head and elytra. The results are statistically similar
(calculating the average distances and illustrating the distribution of distances). The

results of these parts will be detailed in Appendix C.

5.5 Limitation of the model

The EB-Net has achieved good outcomes in most cases. However, it exists several diffi-
cult images in our dataset that the network could not recognize. We can see clearly from
Figure 5.9 that we have several distances far away from the average values, both in the
best and in the worst case. Figure 5.10 shows some examples of the pronotum that we
have extracted from our dataset. The reasons have been found down by checking the
images. In the pronotum 282, the head shape has misled the estimation on the left side

of the upper part, and the same situation has been done by the leg’s shadow at the lower
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part. The pronotum 285 exhibits good coordinates in the bottom part, but it seems that
the procedure has preferred to approximate the upper shape by following the wrong
line on the right side. Improving training can help to outreach the troubles on difficult
images. One way to do is to re-use the parameters coming from a pre-trained model on

a huge dataset. This is the purpose of the next chapter.

a . Pronotum 282 b . Pronotum 285

Figure 5.10: The difficult cases (pronotum images) to provide the estimation
landmarks. The yellow/red points represent the manual/estimated
landmarks.

5.6 Conclusion

In this chapter, we have presented a new CNN model, EB-Net, to predict landmarks on
2D images of beetles. EB-Net is composed of Elementary Block three times repeated.
An Elementary Block consists of a convolutional layer, a maximum pooling layer, and
a dropout layer. Then, three fully-connected layers and a dropout layer achieve to
compute landmarks coordinates. We have also proposed a strategy to augment the
number of images in the dataset by modification of their color channels.

The network has been trained several times with different selections of training
data (round). After training with the manual landmarks given by the biologist, the

network was able to predict the landmarks on the set of unseen images. Then, the
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predicted landmarks have been evaluated by calculating the distance between them
and corresponding manual ones. The average of distance errors on each landmark has
been also considered. The results have shown that using the convolutional network to
predict the landmarks on biological images has promised good results in the case of
the pronotum, head, and elytra. The quality of the prediction allows using automatic
landmarks to replace manual ones for statistical analysis. However, if we consider the
end-user point of view, the results are still needed to be improved. The last chapter will

present how we have used transfer learning to solve this problem.

118



Chapter 6

Transfer learning and final results

Contents
6.1 Fine-tuningdesign . . . . ... ... ... 120
6.2 Pre-trained EB-Net on Facial Keypoint datasets . ... ........ 121
6.3 Fine-tuning on beetle’s images andresults . . . .. ... ....... 123
6.4 Results . . . ... . 0 i i it e e e e 123
6.4.1 Distance between manual and predicted landmarks . . . . . . . 124
6.4.2 Distribution of distances . . . . . . . ... ... ... ... ... 126
6.4.3 Illustration of landmarks onimage . . . ... ... ... .... 126
6.4.4 A comparision with Image Processing Techniques method . . . 129
6.5 Feedback from modificationsof EB-Net . . . . ... .......... 132
6.5.1 New results from the modification . .. ... ... ....... 133
6.5.2 Futureworks . . . ... . .. ... ... 134
6.6 Conclusion . . .. ... ... i ittt 136




CHAPTER 6. TRANSFER LEARNING AND FINAL RESULTS

In the previous chapter, we have proposed a new architecture of Convolutional Neu-
ral Network (CNN), EB-Net, to predict the landmarks on the three sets of 2D beetles
images: elytra, pronotum, and head, which have exhibited shape characteristics re-
mained the awkward problematic of segmentation. The results have figured out that
using CNN to predict landmarks on these 2D images is relevant and the obtained re-
sults are statistically good enough to replace the manual ones. However, the predicted
landmarks remain far from the manual ones in some cases, and we are looking for some
improvements.

As mentioned in Section 4.2.4, working with Deep Learning requires not only to
design a good architecture but also to provide a large dataset to train and to test the
model. This is a potential problem in some application domains, as in biology. In
Section 5.1, we have presented a way to augment the number of images in our dataset.
However, our number is far away from several thousands even we have augmented our
dataset. In this case, knowledge transfer or transfer learning between tasks could be
advisable [TS09, YCBL14] as we have described in Chapter 4.

In this chapter, we present the last step of our workflow, which is a fine-tuning
process. At this step, we have trained EB-Net on another large dataset, e.g., facial
keypoints dataset, to obtain training parameter values and then to re-use them to fine-

tune the model on beetle’s images.

6.1 Fine-tuning design

As we have mentioned in Chapter 4, transfer learning is another strategy to use deep
learning methods in the case we have a limited dataset to train the model. Fine-tuning
is a scenario of transfer learning, and it is widely used in practice to boost the efficiency
of a model. Technically, we usually fine-tune the weights of a CNN by continuing the
backpropagation. It exists two ways to perform fine-tuning: frozen and unfrozen. With
the frozen scenario, the parameters of several lower layers (close to the input layer)

will be fixed, and we fine-tune only the higher ones (close to the output layer). On the
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opposite side, unfrozen allows continuing updating the parameter values of all layers
in the model. The hyperparameters of the network, e.g., learning rate, have also been
adjusted. As usual, a small learning rate is recommended during the fine-tuning process
to assume that the pre-trained weights are good enough and we do not wish to disfigure
them too quickly and too much. For example, the learning rate of the fine-tuning process
could equal to 1/10 time of the pre-training one.

In this context, ImageNet [DDS"09], a well-known dataset with more than one mil-
lion images labeled in 20,000 categories, has been used to train many famous CNN
architectures [KSH12, SZ14] with success as we have mentioned in Section 4.2.4. The
pre-trained models on ImageNet have been then shared in the deep learning community
as a source to re-use the features of ImageNet dataset. Unfortunately, some preliminary
tests have shown that re-using ImageNet features is not relevant for our application be-
cause ImageNet features mainly concern the detection of the global shape of the objects
whereas landmarks can be considered as local features [LZS16]. Luckily, searching for
landmarks is well defined in other applications as face recognition and facial keypoints
detection, and we can consider that these applications present similarities with our
problem. Consequently, we have decided to train EB-Net with facial key points dataset
and then to transfer the trained parameters to fine-tune it for beetle’s images. All the

processes are detailed in the next sections.

6.2 Pre-trained EB-Net on Facial Keypoint datasets

A Facial Keypoints dataset has been published for a competition in the Kaggle commu-
nity !. It includes 2, 140 human face images with a size of 96 x 96 pixels. Each image
contains 15 landmarks on the face: 6 landmarks for eyes, 4 landmarks for eyebrows,
4 landmarks for the mouth, and 1 landmark for nose tip. Figure 6.1 shows four face
images in the dataset and the landmarks on each face.

At the pre-training step, EB-Net has been trained with this dataset, the first objective

Thttps://www.kaggle.com/c/facial-key points-detection
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Figure 6.1: Four face images in the dataset and ground truth position of the landmarks.

of this task was to evaluate and to compare the effectiveness of EB-Net with other
published results in the Kaggle challenge. At this step, we have adapted the parameters
of the input and the output layers of EB-Net to match the requirements of the challenge.
The new parameter values are 96 x 96 for the input’s size value, and 30 for the output
of the last FC layer. Considering the EB-Net hyperparameters, the learning rate and

momentum remained the same but the number of epochs has been increased to 10000.

Olegra | Trum Enes
1sgt 2ndp 3rd Our

RMSE score (in pixels) | 1.2824 | 1.4004 | 1.4026 | 1.497

Team

Table 6.1: RMSE comparison between our score and top three of challenge.

After training, we have tested EB-Net with 100 images. Then, the distances between
the predicted and manual ones have been computed to finally calculate the RMSE score.
The obtained value is 1.497. Comparing with other results in the Kaggle challenge (Table
6.1), three models present results better than us but very closed when considering that
it is pixel value. In our opinion, the RMSE score around the 1 pixels is not so far if
we would like to display the landmarks on the images. Consequently, we have the
base to believe that EB-Net is still good in any way, and we have decided to re-use the

pre-trained parameter values to fine-tune the model for beetle images.
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6.3 Fine-tuning on beetle’s images and results

One can note that the sizes of images between the two datasets are different, the beetle
images have a size of 256 x 192 pixels; whereas the facial images are 96 x 96. Therefore,

adjustments are needed to match the two tasks.

First of all, reducing the resolution of the beetle images to 96 x 96 could be lead to
a loss of essential information. As our images contain a background band that is easy
to suppress with a pre-processing operation, we have chosen to remove the background
region instead of down-sampling our pictures. Moreover, removing the background

pixels can limit the effect of un-useful image areas.

We have also respected the form of images that they are square. The new beetle
images are finally set to 192 x 192 pixels. The EB-Net parameters will be settled to take
into account these values between the pre-training and fine-tuning steps. To declare the
modification, we mention in a stride value of the first convolutional layer equals to 2

(as the usual way to do [YCBL14]).

To evaluate this process, the parameters of the pre-trained model are transferred to
separately fine-tune on three sets of images: pronotum, head, and elytra. We present
all the obtained results in the same way as in Chapter 5 to have a clear comparison.
We have also applied this approach to the mandible images in order to compare the

obtained results with the results provided by image processing techniques (Chapter 3).

6.4 Results

Important notice: In all result tables, we use the pixel as unity. We want to remind that

the pronotum and head have the same resolution (47 pixels/mm), and different than

the elytra (23.5 pixels/mm) as specified in Chapter 5.
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6.4.1 Distance between manual and predicted landmarks

The distances (in pixel) between predicted landmarks and corresponding manual ones
have been computed, as we have done previously (Chapter 5). Then, these distances
are used to compute the average value for each position on all images. Tables 6.2, 6.3,
and 6.4 resume the results on the pronotum, head, and elytra: The first column presents
the landmark number; From scratch column reminds the previously average distances
when EB-Net was trained from scratch; Fine-tune column presents the new average
distances; the fourth column presents the improvement percentage between the two
processes. The green and red values are respectively the best and the worst values in
each column. All distances are given in pixel unity.

First of all, to check if average distances are significantly different, we have com-
puted the p-values from the average values of two processes (training from scratch
and fine-tuning). These p-values are 0.057,0.005,0.031 on pronotum, head and elytra,
respectively, that is statistically significant.

One can note that all average distances have decreased between 1 and 1.5 pixels
both in three sets of images. From tables 6.2, 6.3, and 6.4 we can see that sometimes
the points with the best-predicted coordinates have changed, but we prefer to notice
that it exists a group of well-predicted landmarks where the differences between the

average distances are less than 0.5 pixels, such as:
e For pronotum: the 7 374 and 1° landmark.
e For head: the 8", 6", 7" and 10** landmark.
e For elytra: the 379, 15¢, 4th 2nd 11th 5th and 10" landmark.

In another way, we can examine the worst cases. They remain in the same positions

as previously in both 3 datasets:
e For pronotum: the 6" remains isolated as a bad result.

e For head: a group of 2 landmarks (1** and 3"?) obtained more than 4.5 pixels.
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LM | From scr. | Fine-tune | % of impr. || LM | From scr. | Fine-tune | % of impr.
1 2.99 25.25 1 5.53 4.82 12.83
2 4.48 3.41 24.01 2 5.16 4.21 18.43
3 4.30 2.98 30.56 3 5.38 4.73 12.15
4 4.39 3.54 19.18 4 5.03 4.11 18.42
5 4.29 3.37 21.55 5 4.84 4.18 13.69
6 5.36 4.06 24.28 6 3.50 21.43
7 4.64 36.85 7 4.79 3.92 18.29
8 4.94 3.64 26.16 8 4.53 24.94

9 5.14 4.17 18.88

Table 6.2: Average distances comparison [ 506 3.04 2901

on pronotum images
Table 6.3: Average distances comparison
on head images

#LM | From scratch | Fine-tune | % of improvement
1 3.21 17.04
2 3.97 3.28 17.34
3 3.92 18.36
4 3.22 16.61
S 4.02 3.31 17.66
6 4.84 4.21 13.13
7 5.21 4.54 12.82
8 5.47 4.76 12.96
9 5.27 4.55 13.69
10 4.07 3.39 16.68
11 3.99 3.29 17.54

Table 6.4: Average distances comparison on elytra images

e For elytra: it exists a group of 3 points which are close to bad result (7**, 8", 9t").

When we consider each landmark, the percentage of enhancement is different de-
pending on the difficulty of its position. However, all cases have been improved, even
they are the worst or best ones. With the help of fine-tuning, most of the predictions
have been gained from 36.85%/ 24.94%/ 18.36% to 19.18%/ 12.15%/ 12.82% on prono-
tum, head, and elytra, respectively.

To look for additional improvement, we have studied other statistical indicators,

e.g., standard deviation, median, minimum, and maximum values. These statistical

125



CHAPTER 6. TRANSFER LEARNING AND FINAL RESULTS

values are presented in Appendix D. From tables, the median values, which separate
data samples into two parts, are smaller than mean ones. Moreover, they are close to
the minimum, as well as so far from the maximum scores. This reveals the presence
of some isolated cases, which are far away from the mean values, has affected the
overall outcome. To deeply understand this problem, we continue with the distribution

of distances on each landmark.

6.4.2 Distribution of distances

The average distance between manual and predicted landmarks could be not the only
way to appreciate the obtained results. As we have mentioned, the mean value can hide
different situations when deeply going to the analysis. Again, it could exist of two cases
for an average value: all distance values are very close to the mean value, or they are
widely widespread around the mean one. In this case, distribution of distances could
be taken into account to characterize this situation.

Figure 6.2 illustrates the distribution of the distances for two example cases: the 1°
and 6" landmarks of all pronotum images. In the same meaning as figure 5.9 (Chapter
5), the x-axis and y-axis present the image number and the distance (in pixel), respec-
tively. Each point in the chart represents a distance between manual and predicted
landmarks. The blue/red lines in charts present the average values. We can observe
from the figure that the distance values are very different from the two processes. With
the help of fine-tuning, these distances have been reduced and more close to the range

between 0 and average value.

6.4.3 Illustration of landmarks on image

To illustrate the results, Figure 6.3 shows both the predicted (in red) and the manual (in
yellow) landmarks on three random images of the three beetle parts. For example, we
have obtained seven well-predicted landmarks on the head images. The three remaining

positions are a little bit far from the manual ones.
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Figure 6.2: A comparison of distances distribution of the 1** landmark and the worst
case (6" landmark) when applying two processes.

a . Pronotum b . Head c . Elytra

Figure 6.3: The location of predicted landmarks in one case of each part. The
red/yellow points represent the predicted/manual landmarks.

We wanted to display an illustration of all the computing on a generic image of

pronotum. Figure 6.4 displays mean coordinates on each landmark of all pronotum
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pictures on a pronotum’s shape?. The 3 colored points correspond to:
e Red points are the mean coordinates of all manual landmarks.

e The yellow squares present obtaining outcomes when we train the model from

scratch.
e The green boxes show the results of the fine-tuning process.

One can note that the center of each square is the mean coordinates of all predicted
landmarks in each process (from scratch and fine-tuning). The length of the square
equals to double of average distance at each landmark position. We can observe that
the distance of the average distances between two processes on each landmark is not so
large. The overlap between the yellow and green squares shows the similar/different
values of the distances. Moreover, it exists a consistency between the mean of manual
coordinates and the average coordinates of predicted landmarks because the manual

landmarks are always inside the range of the predicted ones (green rectangles).
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Figure 6.4: The location of average coordinates. The Zoom-in operation has been
effected on several landmarks.

2No generic model of pronotum shape is available, we have randomly chosen one in the dataset to
figure out it.
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6.4.4 A comparision with Image Processing Techniques method

Mandible images have not been processed with the EB-Net model in the previous chap-
ter. However, we have applied the fine-tuning on mandible images in the same way that
we have done on other parts. Then, the results have been used to have a comparison
between the two methods (deep learning and image processing methods). Figure 6.5
shows these results. The red curves illustrate the average distances which have been
obtained from image processing technique while the blue curves present the results of
fine-tuning process. To reach the comparison, the obtained values from Chapter 3 have
been re-computed to match the new size of the images (192 x 192) by scaling these
errors (distances) with the same ratio that we have used to down-sample images. Then,

the average value has been computed for each landmark’s position.
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Figure 6.5: These charts show the average distance on each landmark of all mandibles
images. These values have been down-sampled from the last results of
Chapter 3 to fit with the new size of images. The red, blue lines present the
results from image processing and fine-tuning process, respectively.

For the right mandible (Figure 6.5a), with image processing techniques, some first
landmarks (from 1°! to 6'*) have been well-predicted, which illustrated by small average
values in the chart. However, these values begin to increase from the 7** landmark. The
reason is that the first group of events is mainly concentrated on the tip of the mandible
where we can obtain the precise segmentation, while others are on the base where we
can meet some difficulties to get the segment contours. For the fine-tuning process,

the obtained values are more stable. Although some first values can be approximate or
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larger (from 2"¢ to 7*" positions), other ones are better than the previous results (after
7th position). Remarkably, the fine-tuning has a great improvement at the positions
located at parts that are hard to extract the contours.

For the left mandible (Figure 6.5b), it is worth to note that they have been more
difficult to process than the right ones by using image processing techniques, as we
have discussed in Chapter 3. However, with the help of fine-tuning, the results are
almost the same as the right ones. They are stable and present significant improvement
in most of the landmarks.

To achieve the analysis, we have also displayed the distribution of distances as we
have compared in previous parts but by image processing techniques. Figures 6.6, 6.7
show these distributions in two cases: the best and the worst average distances (with
the fine-tuning process). From the diagrams, we can observe that left mandibles exhibit
a large dispersion with image processing. The different charts clearly illustrate the

improvement of the fine-tuning process.
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Figure 6.6: The distribution of average distances of all right mandible images.
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Figure 6.7: The distribution of average distances of all left mandible images.

From the achieved results, we give a short comparison between the two methods,
Classical Image Processing (CIP) and Deep Learning (DL). As usual, CIP uses a set of
techniques to achieve the last results. The algorithms in the method are easy to find in
available libraries. In our application context, it does not require so many computing
resources to apply it, and we can use it to process on a small dataset. However, a lot of
features of the image could be considered as useful features for analyzing, choosing the
proper ones becomes a hard problem in the CIP methods, and we need to try a long trial
to decide which are best to describe the landmarks. Moreover, we have a link between

the results of the steps in the method. If we fail at any level, it will affect the final result.

Deep Learning provides an embeded process to analyze the image. We only give
a dataset of images with a set of manual landmarks to the model. Thereby, we train
the network on the given data. It will automatically discover the particular features for

each key point. At the end of the process, it will provide the coordinates of estimated
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landmarks. From the comparison, the outputs are more stable and better than with CIP.
However, we need to take into account some other aspects with DL methods such as the
number of data, designing model architecture, or computing resources which can be
difficult to satisfy. Along with the development of computing resources, deep learning

methods could be a good choice for landmark detection on 2D images.

6.5 Feedback from modifications of EB-Net

In the deep learning community, the last ten years have seen a kind of competition
about the size of the networks. The success studies have proved that adding hidden
layers and increasing the depth could be beneficial for a complex task, e.g., multi classes
classification or landmark detection as demonstrated [SZ14]. In our case, EB-Net has
a very modest size. To check if we can obtain an improvement of the EB-Net results,
we have tested by enlarging the size of the model. It is worth to note that we do not
join to a breakneck quest for huge deep network size, but we want to appreciate the
influence of the number of Elementary Block (EB) inside our model. To do that, we
have decided to add only one EB to the previous architecture. In this block, the depth
of the convolutional layer is larger than others to make the system to become more
powerful to learn complicated patterns in data [KSH12]. The whole set of parameters

of the layers in the new EB are set as follows:
e Convolutional layer: depth = 256, filter = (2, 2), stride = 1
e Maximum pooling layer: filter = (2, 2), stride = 2
e Dropout layer: probability = 0.4

Another tested hypothesis was to change the activation function. In the list of
activation functions, ReLU was known to be more efficient than other ones as Sig-
moid, Softmax, TanH, ... (more detail in [GBC16]). Technically, ReLU function out-

puts all the positive values and zero for all negative values. Therefore, the last version
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of EB-Net has used ReLU as non-linear functions as usual in the most architectures
[KSH12, HZRS16, LSD15] of the deep convolutional neural network. However, it is
worth to note that ignoring negative output values by setting to zeros is equivalent to
stop some neurons in the network model. Such neurons are not playing any role in the
forward and backward phases, and the network can lose information in the computa-
tion. To tackle this problem, we have decided to replace the ReLU by the Leaky ReL.U
function which has a small slope to process the negative values instead of completely

replaced them by zero.

6.5.1 New results from the modification

After modification, the new EB-Net has been applied to our dataset in the same protocol
as the last work. The trial has been lead on all parts of the beetle. Tables 6.5, 6.6, 6.7,
6.8, 6.9 present the comparison of the obtained results from the two models. The
first column indexes the landmark number. Column A reminds the previous average
distances (from the fine-tuning process with the model of three EBs). Column B presents
the new obtained mean values. Column C shows the improvement percentages of the
new results. The green/red numbers represent the best/worst values in each column.
First of all, the results have been improved in all cases. Sometimes, the gain is pretty
1 pixel and more generally 0.5 pixels. Of course, the enhancement of each position is
different, but we can see that the improvement most often occurs at the positions which
are considered as being a little bit difficult to predict (following the previous results).
For example, the new composition performs to almost positions of head images. It
has also affected to the 6!, 7" 8" landmarks on pronotum; the 6**, 7** 8 and 9"
landmarks of elytra; the 279, 14*" positions on left mandible; and the 4", 18" positions
of the right mandible.

Finally, to be completed, we illustrate the distribution of the distances obtained from
the new version of EB-Net. As usual, we consider the representation of the best and

worst cases. One can note that all the distances between the manual and predicted
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LM With 3 EBs | With 4 EBs | % improv.
(A) (B) ()

1 2.79 2.67 4.32

2 3.19 3.00 5.88

3 2.61 2.93

4 3.28 3.24 1.06

5 3.07 2.92 4.75

6 3.74 3.39 9.29

7 2.72 10.82

8 3.35 2.97 11.36

Table 6.5: Pronotum images.
LM 3 E-Blocks | 4 E-Blocks | % impr. M 3 E-Blocks | 4 E-Blocks | % impr.
(A) (B) (©) (A) (B) (©)

1 4.62 4.30 6.85 1 2.70 2.47 8.65
2 3.86 3.38 12.15 2 2.74 2.55 6.85
3 4.42 3.94 10.90 3 2.74 2.67 2.38
4 3.68 3.15 14.41 4 9.44
5 3.94 3.51 11.03 5 2.87 2.75 4.12
6 3.06 2.66 13.01 6 3.80 3.39 10.81
7 3.66 3.14 14.31 7 4.09 3.66 10.48
8 13.14 8 4.33 3.87 10.54
9 3.89 3.52 9.52 9 4.12 3.65 11.38
10 3.50 3.14 10.29 10 2.78 2.86 -3.08
11 2.73 2.66 2.51

Table 6.6: Head images

Table 6.7: Elytra images

landmarks have been improved (reduction) in the new composition of EB-Net. Particu-

larly, we can observe from the charts that the weak points (far from the mean line) in

the previous results are improved, they are more close to the average values in the new

results. These distributions of all pieces are presented in Appendix D.

6.5.2 Future works

From these comparisons, we can observe that changing the activation function and

adding one elementary block has improved the obtained results even the increase of the

network’s size is not large. As we have mentioned, we did not want to join a disputa-
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IM 3 E-Blocks | 4 E-Blocks | % impr. LM 3 E-Blocks | 4 E-Blocks | % impr.
(A) (B) (C) (A) (B) (C)
1 4.38 4.43 -1.02 1 4.09 4.02 1.73
2 3.28 3.03 7.61 2 3.52 2.98 15.3
3 3.20 3.03 5.42 3 10.41
4 6.86 4 3.31 2.87 13.36
5 3.27 3.12 4.42 S5 3.31 2.95 10.93
6 3.21 3.14 1.98 6 3.42 3.16 7.73
7 3.39 3.28 3.20 7 3.31 3.13 5.43
8 3.50 3.36 3.94 8 3.36 3.11 7.58
9 3.70 3.52 4.89 9 3.59 3.38 5.89
10 3.88 3.77 2.69 10 3.64 3.42 6.14
11 4.28 4.04 5.58 11 3.97 3.77 5.11
12 4.36 4.13 5.25 12 4.05 3.94 2.68
13 3.75 3.52 6.23 13 4.63 4.52 2.39
14 3.51 3.14 10.33 14 4.47 4.33 3.09
15 3.84 3.62 5.84 15 4.06 3.83 5.8
16 5.28 4.94 6.48 16 3.61 3.31 8.52
17 3.98 3.68 7.5
Table 6.8: Left mandible images. 18 5.00 4.20 14.19

Table 6.9: Right mandible images.

The comparison of average distances on each landmark of beetle’s parts. The results
are obtained from different processes on two versions of EB-Net.

tion between the size of the network and the achieved results. However, changing the
composition of the network by adding a new EB in our case has given better results to
us. The coordinates of predicted landmarks are more close to the manual ones. As a
perspective, we would like to test that could we achieve better results when adding one

or two new blocks if we have the computing resources.

It is worth to note that our block is a generic one. It is easy to add it, easy to test
the model, even to remove a block from the model if the results are not satisfying. The
users can choose suitable blocks for their applications. Choosing the number of blocks
depends on the computing resources, as well as the expected results. As usual, we need
to note that it exists a balance between the depth of the model, the accuracy of outputs

and the cost to compute.
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As perspectives, we would like to introduce our model for applying on other appli-
cations, e.g., different applications in biology or predicting landmarks for human pose
detection which are studied topics in our team. Moreover, the pre-trained model of
EB-Net is existed from now, available freely on Github 3, the users can use it to apply

on other applications of landmarking.

6.6 Conclusion

In this chapter, we have presented a complementary approach of deep learning, trans-
fer learning for the landmarking problem. We have also described a process to apply
fine-tuning, a specific strategy of transfer learning, for improving the performance of au-
tomating landmarks on beetles images. In this step, we have pre-trained our network,
EB-Net, on a facial key points dataset before transferring the parameters to fine-tune on
beetle images.

We have examined another composition of EB-Net by adding a new elementary
block. We have also replaced the activation functions to LeakyReLU. The modifica-
tion of the model has achieved our works on beetle images. We are now able to provide
a set of predicted landmarks, which is good enough to replace manual ones in the sta-
tistical point of view, and to display them on the images in a user-end application. So,
we have distributed the final results to the biologists, and they have confirmed that our

estimation is good enough to use in the morphometry analysis.

3https://github.com/linhlevandlu/CNN_Beetles Landmarks
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Conclusion

This Ph.D. research has figured out the methods to automatically predict landmarks in
2D biological images. The application has been made on beetle images coming from a
dataset of the Demecology team (INRA, Rennes). In the first step, the studies focused
on the beetle’s mandibles. In this context, we have first studied and tested solutions
found in the literature, as the detection of landmarks on wing images of Drosophila
wings with the help of Probabilistic Hough Transform computation associated with a
template matching process. The first results with this method attest the feasibility of
this research, but the outputs need to be improved. We have proposed another pipeline
of operations composed of a segmentation step and an iteration of registration step.
The estimations of landmarks have been then achieved by applying a SIFT method. The
results have been considered good enough to use these landmarks for morphometric
operations required by biologists. Unfortunately, running our pipeline on the three other
parts of the beetle: pronotum, head, and elytra, has come out the poorest results. The
pictures of these parts have been taken before dissection, and they stay stuck together.
To deal with this problem, we have chosen to turn to another approach coming from

deep learning algorithms, which do not need the segmentation to process these parts.

Accordingly, a CNN model has been proposed, named EB-Net. The EB-Net archi-
tecture is a combination of three Elementary Blocks, EB. Each Elementary Block is a
composite of three classical layers: convolutional, maximal pooling, and dropout lay-
ers. After several working processes with EB-Net architecture, the final results have

been obtained with the help of a fine-tuning process, i.e., transfer learning from a facial
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landmarks analysis. The outcomes have provided the estimated landmarks, which are
most often in an area more or less than three pixels around the manual ones.

The final results have been delivered to biologists. They have confirmed that the
quality of predicted landmarks is statistically good enough to replace the manual land-
marks for the different morphometry analysis, and to be displayed them on an end-user
interface. In order to apply our framework to a large set of problems in morphometry,
we plan to test different datasets owned by the INRA team. All the implementations,
both IMEL and EB-Net, are available freely on the Github website. It is possible to
reuse EB-Net parameters for another landmark setting application and to apply transfer-
learning. We plan also to export EB-Net architecture to other application domains: MRI

images analysis, pose identification, ..., studied in our team.
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Appendix A

Landmarks estimation by Probabilistic

Hough Transform

As mentioned in Chapter 3, this work was initialized from my Master’s degree intern-
ship by studying a method of Palaniswamy [PTK10] and applying to our application.
This is a method including four steps: (1) segmentation to extract the contour; (2)
conversation to convert the features to an invariant form for comparing the objects;
(3) registration to find the match between two objects and prediction of hypothesized
landmarks; (4) verification to verify the coordinates of estimated landmarks. The thesis
begins by adjusting their steps to improve the results. In this chapter, we present the

implementations of steps of the method that we have studied.

As usual, segmentation is the first step of the method to extract the object’s features.
In this case, the contour points have been taken into account. In order to select the
shape of mandibles, we have decided to apply a combination of binary threshold and
Canny algorithm [Can87]. The details of segmentation step are described in Section

3.2.
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I. Features conversion

As mentioned in [PTK10], the geometric relationship between lines is a useful feature
for shape representation. Therefore, lists of points come from the segmentation step
are turned to sets of approximated lines by using a recursive algorithm [TRY95], that
is a new improved version of Lowe’s method [Low87]. In [TRY95], the algorithm stops
when the relative between measured distances (d,,,., and the length of line /) is less than
an approximate threshold. However, to save computing time and to implement easily,
we have modified this condition by only comparing the maximum distance (d,,q.) to
the threshold )\ received from the experiments. Steps of the recursive algorithm are

described as follows:

1. Creating a straight line [ between two endpoints of the edge

2. Calculating the perpendicular distance from each point in the edge to the line /.

Then, identifying the point p,, which has the maximum distance (d,,,.) to .

3. If the perpendicular distance from p,, is greater than a threshold value
(d(pm,1) > A), then the edge is split at this point (p,,) into two parts, and the
procedure continues on both two split parts. Otherwise, the edge can be repre-

sented by /.

II. Pairwise Geometric Histogram

In order to compare objects, it is necessary to encode their features into the compact
and invariant forms, e.g., Pairwise Geometric Histogram (PGH). It is worth to note that
the shape of any object can be represented by a set of approximated lines, then the ge-
ometric relationships between lines can be used to built PGH. In this case, the relative
angle and the perpendicular distances are chosen to provide an efficient description of
the object: the relative angle is defined by the angle between two lines, and perpendic-

ular distances are the distances from two endpoints of a line to the extension of another
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one (Figure A.1a). Notably, these features are based on absolute distance and they are
sensitive to the scale. Fortunately, this problem could be solved by normalizing the

perpendicular distances.

In practical, a PGH is represented as a two-dimensional matrix. One dimension
presents the relative angle (0 — 27), and other dimension outlines the perpendicular
distance (Figure A.1b). Each PGH stores the geometric relations between a line, called
reference line, and other lines presented the object, named scene lines. Firstly, the relative
angle and the perpendicular distance between reference and a scene line are computed.
Then, these values will be recorded in the PGH matrix. This process is repeated until all
scene lines have been considered. At the end of the process, the blur of the entries in the
PGH histogram presents the true position and orientation of object’s lines. An object,

therefore, has a set of PGHs associated with it, one histogram for each line [ETM93].

d.,  d, Maxdistance
0
0
Angle
) : 2n
reference line Distance
a . Geometric features. b . Pairwise geometric histogram.

Figure A.1: Geometrics features between two lines and their pairwise geometric
histogram. Left figure: the relative position between two lines; right
figure: the PGH of two lines in the left figure.

In image processing, shape recognition mentions identifying the similarity of two im-
ages features. This work can be achieved by comparing their histograms. Palaniswamy
has chosen Bhattacharya metric [Bha43] to measure the similarity of two histograms.
This metric provides a quantitative estimation of the likeness between the source and

the target features as a dot product correlation of the histogram of lines. The form of
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Bhattacharya is following.

27 dmasx

Ao (B, Hy) = 33 \JHi(8, d).1, (6. d) (A1)

0 d

In which:

H,;, H;: are the histograms of image ¢ and image j

0: is angle value (¢ € [0, 27])

d: is the perpendicular distance

H(0,d): is an entry at row ¢, column d in histogram

In our application, the feature conversion step has outputted lists of lines presented
the mandible object. In this step, these lines are used to build the PGHs for the object
as described. Then, the PGHs are used to examine the correspondence between two

mandibles by calculating the Bhattacharya metric.

IIl . Probabilistic Hough Transform

At this step, Probabilistic Hough Transform (PHT) [KEB91] is applied to discover the
presence and the location of the target object in the source image, as well as find out
the hypothetical coordinates of target’s landmarks. Applying PHT can be divided into
two steps: firstly, confirming the appearance of the target object in the source image by
finding a pair of target lines which is the best matching with a couple of source lines;
secondly, indicating the pose of the target object on the source image. At this moment,
the positions of the source’s landmarks are considered as the hypothetical landmarks of
the target image.

Firstly, the relative information tables for both the source and the target object have
been created, namely 7, and T}, respectively. To build a related information table for an
image, an arbitrary point (in the image) is selected and considered as the origin point.

Then, for each time we examine a couple of lines, the angles and the perpendicular
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distances between lines and the origin point are computed: the angles are equals to
the angles of two lines and the horizontal axis which begins from the origin point;
the perpendicular distances are the distances from the origin point to each line. Then,
the information is recorded in the table. This process is repeated until considering all
distinct pair of object’s lines.

After that, to find the best matching of couples of lines between two objects, an
accumulator is created as a two-dimensional matrix represents the angle and the per-
pendicular distance information. All the cells in the accumulator are set to zero. For
each pair of source’s lines, if existing a couple of target’s lines that corresponds to po-
sition, orientation, selecting their information (angle and perpendicular distance) from
the table 7;. Then, a vote is carried out on the accumulator at the corresponding cell
with the selected information by adding one to the cell’s value. At the end of the voting
process, couples of lines (both in source and target image) which have the highest value
will be kept.

The next step concerns retreiving the presence of the source’s origin point in the
target image by using the relative information of the best matching couples of lines:
firstly, extracting the relative information of the pair of source’s lines from 7,. Then,
indicating the source’s origin point on the target image by extending lines which are
perpendicular with the two of target’s lines at the appropriate position [ATRB95].

After obtaining the location of the source’s origin in the target image, it is necessary
to register two origin points. Then, the source’s manual landmarks are set by using the
relatedness among them and the source’s origin point. These points are assumed to be
the hypothetical positions of the predicted landmarks of the target’s image. Besides, the

angle deviation between the two images is also recorded to use in the next step.

IV. Template Matching

The PHT step has computed the estimated landmarks on target image based on the

corresponding features of global shape. To refine the location of estimated landmarks,
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a cross-correlation method [Bru09], template matching, is used for the refinement of the
coordinates of predicted landmarks.

As mentioned in Section 2.3.3, the template matching process needs a template and a
search image. In this case, a template is a small patch around the landmark on the source
image and the search image is the target image. However, the number of candidates
in the target image is numerous. It is necessary to limit the search region for saving
the computing time. It is worth to note that the previous step provided the estimation
of landmarks positions in the target image. These positions can be used to reduce the
searching areas correspondence with the patches. As mentioned in Section 1.5, the
mandibles could be placed in different poses during the process to capture the images.
So, to obtain the complete matching, the target image is rotated to match with the
source image by using the angle which was extracted from the PHT step. This process

finishes when all estimated landmarks are refined.

V. Results

As we have mentioned, this first work has focused on mandible parts. The two sets of
mandible images have been selected to evaluate the accuracy, reliability, and robustness
of the Palaniswamy’s method. After verifying the correctness of the images, it remains
290 right and 286 left mandible image by removing the pictures which are empty or
contains broken objects.

All the steps of the method have been implemented in MAELab framework . The
program is designed to extract 18 landmarks on right mandible images and 16 land-
marks on left mandible images. The automated landmarks are indicated based on the
learning from the manual landmarks of source image which have been provided by
biologists. Figure A.2 presents a prediction sample on the right mandible. The left
image (Figure A.2a) shows the source model and its manual landmarks (cyan points);

the right image (Figure A.2b) illustrates the target image and its automated landmarks

IMAELab is a free software written in C++. The source code is available on Github.
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(vellow points). The target image has been rotated to match with the model image

‘

before setting predicted landmarks.

a . Source image and its manual landmarks. b . Target image and its automated landmarks.

Figure A.2: The automated landmarks on a target image which are estimated from a
source image and its manual landmarks.

To figure out the results, biologists have chosen to use centroid size to measure the
mandibles. Firstly, indicating the center point for each mandible. The coordinates of
the center point are considered as the mean values of the coordinates of all landmarks.
Then, calculating the size measure of the mandible as the sum of all square distance
from each event to the center point. In that way, we have compared the centroid sizes
which are computed from manual landmarks and the corresponding from estimated

landmarks. The percentage of errors has been evaluated as Equation A.2:

100 * |(Original_Size — Estimated_Size)|

Original_Stize
Figure A.3 shows the percentage of error from estimated landmarks on both left and

Percent_Of Error = (A.2)

right mandible images. For right mandibles, we have obtained more than 160 images of
less than 5% of errors between manual and estimated sizes. Only two right mandibles
are more than 30% of errors. These cases could be considered as the wrong predictions
in the right mandibles (Figure A.3a). In the part of left mandibles, we have got more

than 140 images of less than 5% of errors. Only five pictures are more than 30% of errors
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(Figure A.3b). Finally, 90% of images (both in left and right mandibles) have less than

10% of errors in their size computing.

140
140
120 120
100
. 100 z
E) 80
g g0 E
H g
I &0 L 60
40 40
N . " .
. - . . -
5 10 15 20 25 30 >30 5 10 15 20 25 30 =30
Percentage of error for estimated size Percentage of error for estimated size
a . Right mandible. b . Left mandible.

Figure A.3: Percentage of error in computing centroid size from estimated landmarks.

To compare the performance of Palaniswamy’s method on our mandibles with their
data (fly wing). We have computed the distances between manual landmarks and pre-
dicted ones. Then, we have considered the proportion of prediction with several ranges
of acceptable distances. One can note that the size of the images is different between
the two datasets. To be able to compare, the distance on each landmark of the mandible

has been scaled to size provided by the article (1280 x 1022).

1}:;{; No. of points | Proportion (%) rPall)::a No. of points | Proportion (%)
<5 36 0.784 <5 71 1.36
<10 106 2.308 <10 170 3.257
<15 156 3.397 <15 306 5.862
<20 252 5.488 <20 424 8.123
<30 426 9.277 <30 717 13.736
<50 789 17.182 < 50 1236 23.678
a. Left mandible b. Right mandible

Table A.1: The proportion of several ranges (in pixel) on the left mandibles set
provided by Palaniswamy’s method.

Table A.1 shows the results that we have obtained on the left and right mandibles,

respectively. We can see that the results are at different levels on two datasets. Even
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if we accept a distance of 50 pixels between the estimated and manual landmarks, we
cannot reach to the results shown in the article. We have taken a look, analyzed the
images, and seen that we have a big difference between two kinds of images. Landmarks
on fly wings have mostly stayed at the intersection of veins, whereas these are not the
same in mandible cases. It seems that the method is more suitable for wing fly than the
mandibles.

Palaniswamy’s method includes a sequence of algorithms, in order to improve the
global result, we need to improve the results of each step in the process. Additionally,
the values of the parameters could affect the results, for example, the window size
during the template matching process. If the window size is small, the result of the
verifying step has not a significant variation. In the opposite side, a larger window
will influence the speed of the algorithm, which is important when processing the large
numbers of images.

The obtained results have shown that the estimated landmarks are accurate enough
to compute centroid sizes of mandibles. They have been also evaluated by comparing
to the manual ones. However, these positions are not satisfied to display them on a user
interface. The quality of predicted coordinates needs to improve both to optimize the
computation time and to provide more realistic landmarks.

The obtained results in this section were published in a poster [IVBAS*16] and
presented at the International Conference on Computer Graphics, Visualization and

Computer Vision 2016.
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MAELab and its functionalities

As mentioned in Chapter 3, all the methods to provide the automated landmarks on
mandible images have been implemented in MAELab framework. This appendix will

describe the modules, as well as the functions of MAELab.

I. Software architecture

MAELab software mainly provides the functionality for landmarking on 2D beetle’s im-
ages, but it includes also the helper functions for other processes in image processing
such as segmentation, binary operations. The main modules are displayed in Figure

B.1. The functionality of each module is describing as follows:

Qt Framework module: contains the classes inherited from Qt Framework, which

provide the graphics interface to software.

pointInterest module: includes the classes for automatic landmarking.

pht module: realizes operations for the PHT process.

segmentation module: implements the segmentation algorithms, for example

threshold, Canny, Suzuki, and line segment algorithm.
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e imageModel module: includes the classes to represent the data structure of image

such as matrix, point, line.

e io module: contains the input and output functions of software. The input func-
tions read the image into the matrix for computing. The output operations con-
vert/save the results into output image. The capacities of this module are helped

from LibJpeg module.

e LibJpeg module: uses to decode and to encode (read) JPGE image. This is a free

library.

Ot Framework
use
s use -
ks e
h -
£ use pht Y
pointinterest S segmentation

Figure B.1: The packages of MAELab software

II. MAELab interface

MAELab has been developed under two distributions: Graphics User Interface (GUI)
and library package. The GUI version allows users to directly manipulate the functions
of the software and see the results. Whereas, the users can use the library package as

an add-on to a C++ application. All the versions are distributed on Github!.

Thttps://github.com/linhlevandlu/MAELab2019
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Figure B.2 shows the main window of MAELab framework in GUI mode. The main
functions of MAELab are described as follows, but the users can find the demos on the

web page of the project?.

e Menu File contains the functions to open the source image, print the image, save

the image and close the program.
e Menu View contains the functions to change the view modes of image in program.
e Menu Segmentation contains the functions to segment image.

e Menu Process provides the functions to filter image. It contains also the binary

operations on image.
e Menu Landmarks provides the operations to automatically determine landmarks.

e Menu Help describes the information about the software.

Image Viewer - /home/linhpc/Git/MAEL JPG - + X
File View Segmentation Process Landmarks Helps

Figure B.2: The GUI of MAELab software

2https://morphoboid.labri.fr/devmap.html
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Appendix C

Training EB-Net on remaining datasets:

head and body

Chapter 5 has presented the results when we trained the EB-Net on pronotum images.
These following sections describes the results on two remaining sets of images: head
and elytra images, respectively. This chapter firstly figures out the parameters of the
layers in the elementary blocks. As mentioned in Chapter 5, we have applied the cross-
validation technique to select data. This makes we need to train EB-Net in several
times, named rounds, with different subsets of data. So, we will present the losses of
the rounds during the training process in the next part. Then, the mean distances will
be discussed. It finishes with the illustrations of predicted landmarks on the images.

This presented structure is applied to both head and elytra images.

I. The detailed parameters in EB-Net

As mentioned in Chapter 5, EB-Net is a combination of three elementary bocks, followed
by 3 fully-connected layers and a dropout layer has been inserted between the first
two convolutional layers (Figure C.1). In this architecture, the order of layers in the

elementary blocks is the same, but their parameter values are different in each block.
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Figure C.1: The architecture of the third model

The parameter values for each layer are detailed as below, the list of values follow the

order of the blocks (i = [1..3]):
e CONV layers:

— Number of filters: 32,64, and 128

- Kernel filter sizes: (3 x 3),(2 x 2), and (2 x 2)

— Stride values: 1,1, and 1

e POOL layers:

- Kernel filter sizes: (2 x 2),(2 x 2), and (2 x 2)

— Stride values: 2,2, and 2
e DROP layers:

— Probabilites: 0.1,0.2, and 0.3

II. The results on Head images

The losses during training process

Like the processes on pronotum images, the losses are stables when we train EB-Net
on head images. The average losses among the processes are 0.00026,/0.00041 for train-

ing/validation. Figure C.2 illustrates the losses of two rounds. In these images, the blue
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lines present the training losses and the green lines symbolize the validation losses. Al-
though training on other subsets of data, we can see that the losses are similar between
two rounds. The losses (train and validation) have a little bit different at the beginning,

but they are more closely at the end of the process.
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— valid
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a . 1% round b . 2 round

Figure C.2: The losses of two rounds during training EB-Net on head images

The average distances

Table C.1 shows the average distance on each landmarks of all head images. The green
and red numbers represent the best and the worst distances in each case. First of all, the
predictions are quite stable. We do not have a big difference between the values. In this
case, the 6" landmark has the best prediction with 4.45 pixels; whereas the worst-case
belongs to the 1% position with 5.53 pixels. If we consider an error of 3% of the image’s
size (256 x 192), these values are acceptable. However, it is still high in the point of view

of the biologists when we display the landmarks on the images.

Landmarks displaying

Figure C.3 shows the locations of predicted landmarks on two head images. The im-

ages are randomly chosen from our dataset. The red/yellow points illustrate the pre-
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Landmark LM1 | LM2 | LM3 | LM4 | LM5 | LM6 | LM7 | LM8 | LM9 | LM10

Mean distances | 5.53 | 5.16 | 5.38 | 5.03 | 4.84 | 4.45 | 4.79 | 4.53 | 5.14 | 5.06

Table C.1: The average distance on each landmark of all head images.

dicted/manual landmarks. One can note that predicted points are not so far from the
manual ones. On each image, they can be assembled into two groups: the first group
includes the cases close to the manual; while the prediction in the second group is a

little bit far from manual ones.

a . The 6" image b . The 55" image

Figure C.3: The predicted and manual landmarks on head images. The red/yellow
points illustrate the predicted/manual landmarks

III. The results on Elytra images

The losses during training process

Figure C.4 shows the losses of two rounds during the training process. We can observe

from the figure that the distributions of the losses are nearly the same: from the be-
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ginning, we have a little bit difference between training and validation losses, but after
1000 epochs, the validation losses have significantly decreased and more close to the
training loss. In the case of elytra images, the mean losses values (of 9 rounds) are

0.00018/0.00012 for training/validation.

= train = train
— valid : : : — valid

101} : . . . . 1 101}

102 102

loss
loss

102 E- 102k

104 104

; ; ; ; 105 ; ; ; ;
0 1000 2000 3000 4000 5000 0 1000 2000 3000 4000 5000

epoch epoch

10

a . 1% round b . 2 round

Figure C.4: The losses of two rounds during training EB-Net on elytra images. The
blue/green curves present to the training/validation losses.

The average distances

Table C.2 shows the average distance on each landmark of all elytra images. The green
and red numbers represent the average distances for the best (1% landmark) and the
worst (8" landmark) cases. With the image size of 192 x 256, the worst distance (5.47
pixels) is corresponding to 2.5% of error. Comparing with other parts, the average range
of elytra images is higher but not so much (from 3.87 to 5.47 pixels). These distances
could be separated into two groups: around 4 pixels (1% - 5, 10**, 11**) and nearby 5
pixels (6" - 9'"). These results are considered reasonable because the landmarks from

6" to 9" are considered difficult to predict in the case of elytra.
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Landmark

LM1

LM2

LM3

LM4

LM5

LM6

LM7

LM8

LM9

LM10

LM11

Mean distances | 3.87

3.97

3.92

3.87

4.02

4.84

5.21

5.47

5.27

4.07

3.99

Table C.2: The average distance on each landmark of all elytra images.

Landmarks displaying

Figure C.5 shows the location of the predicted/manual landmarks of two sample images
in red/yellow color, respectively. One presents to the good prediction (Figure C.5a),
another illustrates to an estimation with less accuracy on some landmarks (Figure C.5b).

However, one to note that in both cases, the position of predicted landmarks are very

closed to manual ones.

a . The 7" image

b . The 22"¢ image

Figure C.5: The predicted and manual landmarks on elytra images. The red/yellow

points illustrate the predicted/manual landmarks
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Appendix D

Fine-tuning EB-Net on beetle’s images:

supplements

As mentioned in Chapter 6, this chapter supplements the results of the fine-tuning pro-
cess on three parts of beetle. Firstly, we present other statistical indicators of the fine-
tuning process on pronotum, head, and elytra. Secondly, we illustrate the distribution
of distances on the best and the worst case of all head and elytra images. To test other
combinations of Elementary Block, we have modified the structure of EB-Net by adding
more one block. The last section shows the comparison of the fine-tuning process on

two versions of EB-Net.

I. Other statistical indicators

Table D.1, D.2, and D.3 display the statistical values on each part: pronotum, head and
elytra, respectively. The green and red numbers represent the best and the worst values
on each statistical indicator, respectively. First of all, all the values have been decreased
from training from scratch as mentioned in Chapter 6. Secondly, the median rates which
are separated the data into two parts, are reduced and smaller than the mean values.

Additional, these values close to the minimum values and far from the maximum rates.
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It means that most of the landmarks are well-predicted. It only exists some difficult

cases to predict.

#LM | Mean | Stand. Dev. | Median | Minimum | Maximum
LM1 | 2.9914 2.7031 0.23 14.2496
LM2 | 3.4066 2.235 2.9626 0.175 18.4053
LM3 | 2.9829 2.063 2.5864 0.216 19.2092

LM4 | 3.5449 2.433 3.117 0.1638 22.8899
LMS5 | 3.3675 2.272 2.9741 17.4586
LM6 | 4.0611 2.588 3.5733 0.1733

LM7 1.984 0.2263 14.092

LMS8 | 3.6448 2.483 3.0116 0.1647 15.4585

Table D.1: The statistical indicator values on pronotum images

#LM | Mean | Stand. Dev. | Median | Minimum | Maximum
LM1 | 4.8185 2.925 4.2951 0.3732 21.1819

LM2 | 4.2098 2.936 3.7484 0.2072 23.9351

LM3 | 4.7286 2.918 4.3991 0.2719
LM4 | 4.1071 2.912 3.6232 0.1942 21.6451
LM5 | 4.1769 2.645 3.7967 0.2683 20.2307
LM6 | 3.4976 2.837 2.9338 0.2384 22.6836
LM7 | 3.9168 3.4284 0.2134 21.0319
LMS8 2.544 21.233

LM9 | 4.1703 2.536 3.7181 0.4441 22.0267
LM10 | 3.9433 2.695 3.4147 0.152 20.7223

Table D.2: The statistical indicator values on head images
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#LM | Mean | Stand. Dev. | Median | Minimum | Maximum
LM1 | 3.2081 3.064 2.6311 0.1265 32.6688
LM2 | 3.2842 3.204 2.5934 0.1607 33.9982

LM3 2.5412 0.0763 31.0928
LM4 | 3.225 3.102 0.1485 33.1458
LMS | 3.3062 3.200 2.606 0.1187 35.7959
LM6 | 4.2069 3.350 3.578 0.2149 35.3037

LM7 | 4.5445 3.507 4.0792 0.3454 34.7368
LM8 | 4.7596 3.454 4.3057 0.4697 32.1749

LM9 | 4.548 3.279 3.9626 0.2711
LM10 | 3.3918 3.033 2.7726 0.1799 29.9211
LM11 | 3.2897 3.019 2.7064 32.3641

Table D.3: The statistical indicator values on elytra images

II. The distributions of the distances

Figures D.1 and D.2 illustrate the distribution of distances on the landmarks (the best
and the worst case) between two processes (training from scratch and fine-tuning) on
each part: head, and elytra, respectively. The lines in charts represents the mean values
in each case. In these charts, the horizontal axis presents the number of images in the
dataset. The vertical axis illustrates the distances in pixels between manual landmarks
and predicted ones. From the charts, most of the distances between predicted and
manual landmarks have been reduced in both two cases (the best and the worst). In
which, we make a note of the distances above the average values. These values have

been decreased, and they are more close to the average lines by helping of fine-tuning.
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Figure D.1: The distribution of average distances of all head images on 1% landmark
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II1. The novel results on modifications of EB-Net

This section shows the distribution of distances between the manual and predicted land-
marks at the best and the worst-case on five parts of beetle. The results have been ob-
tained by applying the fine-tuning process with the new version of EB-Net (4 blocks).
It illustrates the distances given by the previous version (3 blocks). In Figures D.3,
D.4, D.5, D.6, and D.7, the top row displays distribution of the previous process, and
the bottom row presents the new ones. The figures show that the new results have
been improved, the distances are more convergence to the mean values (the lines in the
charts), especially, the cases stay far way the mean lines. In these charts, the horizon-
tal and vertical axes have the same meaning than in II .: horizontal axis - number of
images, the vertical axis - the distances in pixels.
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Figure D.3: The distribution of distances on two positions of pronotum images.
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Figure D.6: The distribution of distances on two positions of left mandible images.
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Figure D.7: The distribution of distances on two positions of right mandible images.
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