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ABSTRACT

NOVEL MOBILE PRE-DIAGNOSTIC SOLUTION FOR PES PLANUS AND PES
CAVUS USING IMAGE PROCESSING AND DEEP NEURAL NETWORKS

According to previous research in this domain, about thirty percent of the world population
has some kind of foot deformity. Among all the deformities, pes planus produced by a lack of
the medial longitudinal arch of the foot and pes cavus produced by an excessively high plantar
longitudinal arch are the foot deformities that most adversely affect the community’s quality
of life. Bearing in mind the above, the proposed solution aims to pre-diagnose pes planus
and pes cavus through a mobile phone application using image processing and deep neural
networks with the help of traditional deformity recognition methods existing in the literature.
To this end, this work is composed of three studies that build upon each other, to improve
the foot deformity detection precision. Accordingly, the first prototype is implemented using
machine learning techniques to estimate pes planus and pes cavus using footprint approach
and tested 34 participants. To benchmark this prototype, an orthopedist is asked to provide key
decision-making points manually so that a comparative calculation can be performed. The
comparison results of the two showed that the expert and prototype findings were in agreement
with each other more than 90 percent. As a follow up, another deformity classification method
is implemented as a second study, which entailed, rearfoot angle and input from the healthcare
professionals. This prototype was tested with 9 participants. Within the scope of the second
study, data entries were provided by using the prototype by healthcare professionals. The
system results were compared with the deformities detected by the healthcare professionals,
and it was observed that the results were matched at a rate of 27.7. In the final study, the
detection method developed in the first prototype is improved and tested with the test set used
in the second study. The results showed that deformities detected by the physician and the

system matched 83.3 percent.
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OZET

PES PLANUS VE PES CAVUS ICIN GORUNTU ISLEME VE DERIN SiNiR
AGLARINI KULLANAN MOBIL ON TESHIS COZUMU

Bu alandaki Onceki arastirmalara gore, diinya niifusunun yaklasik yilizde otuzunda bir
cesit ayak deformitesi vardir. Tim deformiteler arasinda, ayagin medial longitudinal
arkinin eksikliginden kaynaklanan pes planus ve asir1 yiiksek plantar longitudinal arkin
olusturdugu pes kavus, toplumun yasam kalitesini en olumsuz etkileyen ayak deformiteleridir.
Yukaridakiler géz oniinde bulundurularak onerilen ¢oziim, literatiirde var olan geleneksel
deformite tanima yontemleri yardimiyla goriintii igleme ve derin sinir aglar1 kullanilarak
bir cep telefonu uygulamasi aracilifiyla pes planus ve pes kavus On teshisini yapmayi
amaclamaktadir. Bu amacla, bu calisma, ayak deformitesi tespit hassasiyetini gelistirmek
icin birbiri lizerine insa edilen lic calismadan olusmaktadir. Buna gore, ilk prototip,
pes planus ve pes kavusu tahmin etmek i¢in makine 6grenimi teknikleri kullanilarak 34
katilimcr ile test edilmistir. Bu prototipi kiyaslamak icin bir ortopedistten, karsilastirmali
bir hesaplamanin yapilabilmesi i¢in kilit karar verme noktalarin1 manuel olarak saglamasi
istenir. Ikisinin karsilastirma sonuglari, uzman ve prototip bulgularinin yiizde 90’dan fazla
birbiriyle uyumlu oldugunu gostermistir. Bunu takiben, ikinci bir calisma olarak, arka ayak
acis1 ve saglik profesyonellerinden girdi iceren bagka bir deformite siniflandirma yontemi
uygulanmaktadir. Bu prototip 9 katilimcr ile test edilmistir. Ikinci ¢aligma kapsaminda
saglik profesyonelleri tarafindan prototip kullanilarak veri girisleri saglanmistir. Sistem
sonuclar saglik profesyonelleri tarafindan tespit edilen deformiteler ile karsilastirilmis ve
sonuclarn 27,7 oraminda eslestigi gézlemlenmistir. Ugiincii ve son calismada ise birinci
prototipte gelistirilen algilama yontemi gelistirilmis ve ikinci caligmada kullanilan test seti
ile test edilmistir. Sonuglar, hekim ve sistem tarafindan tespit edilen deformitelerin yiizde

83,3 eslestigini gostermistir.



vii

TABLE OF CONTENTS
ACKNOWLEDGEMENTS ...ttt ettt ettt ettt et e v
ABSTRACT ...ttt ettt et ettt e s bt e e e b e saneeaee v
OZET ...ttt vi
TABLE OF CONTENTS ...ttt ettt st st vii
LIST OF FIGURES ...ttt sttt sttt ix
LIST OF TABLES ...ttt ettt st st e e Xiii
LIST OF SYMBOLS/ABBREVIATIONS .......ooiiiieiee ettt Xiv
1. INTRODUCTION .....ooiiiiiitiiinienteet ettt ettt sttt et sbee e e re e e 1
1.1.  PROBLEM DEFINITION AND MOTIVATION.......c.cccccctiiiiniiniineeneeeeeieeieeee 1
1.2, THESIS STRUCTURE........cooiiiiiiie ettt 2
2. EVOLUTION OF TECHNOLOGY .....c.ctittiiiiniiiieeiteniente ettt st esiee e 3
2.1. ARTIFICIAL INTELLIGENCE.........cccccoiiiitiiintiiteeceteeeeeee et 3
2.2, MACHINE LEARNING........ooiititiiiiitee ettt sttt 4
2.2.1. Supervised LEarning.........cccceeeeriiiiiiiiienieiieeieeeeseeere et 5
2.2.2. Unsupervised Learning.........ccoocueeeiiieniieiiieeniieeiieeriee ettt 9
2.2.3. Reinforcement Learning ...........ccccueeruieerieeniieeeiieeniieeneeeeieeesiree e esvee e e 11
2.3. IMAGE PROCESSING ..ottt ettt ettt ettt ens 12
2.3.1. Digital Image Representation..........cceeverueeiieenieriieeiieenienieeieesee e 12
2.3.2. Binary, Grey-Level And Color Images ...........coeovieriieeiiieniiieeieeeieeeeee e 13
2.3.3. Image Processing And FItering........cccceeeviiiiieiiiiiiiniiieeeieee e 14
2.3.4. Edge DeteCtiON......cocueiiiieiiiiieeiierieeeeeteesee ettt 16
3. FOOT DEFORMITIES........cotiiiiieteteeeeteeeee ettt ettt et 18
3.1.  PES PLANUS AND PES CAVUS ...ttt 18
3.2. MEDICAL DETECTION SOLUTIONS.......oooiiiiiiiieeeete et 19
3.3.  PES PLANUS AND PES CAVUS DETECTION TOOLS......ccccccccvceriiininieneenens 21
4. METHODOLOGY ....coottiitiniienteeiteite ettt ettt ettt st sbe e st enee e 22
4.1. FOOT DEFORMITY DETECTION.......c.coiitiiitiiinieeieetetee ettt 22
4.2. DEEP LEARNING......ccccttiitiitatieie ettt ettt ettt et 27
5. STUDY I - FOOT DETECTION AND PRIMARY DIAGNOSIS........cccooeniiniieiennn 33

5.1.  ANALYSIS AND DESIGN .....cccciiiiiiiiiiiiiiiiiiicie e 33



viii

S5.1.1. Prediction MOdUIE .........coouiiiiiiiiiiiiieeeeeeeeee e 35
5.1.2. Fine-Tune MOdUIE ........cccooiiiiiiiiiiiiiieiietee et 37
S5.1.30 BatCh PrOCESS oueviiiiiiiiiieceee ettt 39
5.1.4.  Foot Index Calculations .........c.cccoceerierieeiiienienieeitereeseeee e 40
5.2, IMPLEMENTATION .....cootiiiiiiietiteee ettt 41
5.2.1. DevelopmeEnt PrOCESS........covuiiiiiiiiiiiiiiiieiiieetee ettt 41
5.2.2. End-User ApPlICAtION ......cc.cooiiriiieiiiiniinieeiteeesee ettt 42
5.2.3.  Specialist INterface.......ccccueiiiiiiiiiiiiiiee e 45
5.2.4. Services And Batch ProCess .......c.ccovuiiiiiiiiiiiiiiiieiceeeee e 48
5.2.5. DAADASE......eeitiiiiiieeiteeet et sttt et 54
5.3. TEST AND EVALUATION .......cootiitiiiitieteeee ettt 56
6. STUDY II - BACK SIDE DIAGNOSIS.....cooiiiiiieieeeteeeetesee et 61
6.1. ANALYSIS AND DESIGN .....coottiiiiiiiaiieiie ettt 61
6.1.1. Prediction And Fine Tune Module ........ccccceoviiiniiiiniiiiiiiiieieeece e 62
6.1.2.  Index Calculation .......cc..ccocueiiiiiiiniiiiieienteeeeeese et 62
6.2. IMPLEMENTATION .....cooutiiiiiiiiiiieeeeet ettt et 63
6.2.1. End-User ApplICAtION ......c..coocuiriieiiiiiiinieeieeeesee et 63
6.2.2.  Services And Batch ProCess .......c.cccovueeriiriiiiiiiiiiiciiccecececceeececee e 64
6.3. TEST AND EVALUATION ......cooitiiiiieeeteete ettt s 66
7. STUDY I - INNER SIDE DIAGNOSIS IMPROVEMENT .......cccccoiiiiiiniiniecene 69
7.1. ANALYSIS AND DESIGN .....coitiiiiiiieitenie ettt ettt ettt 69
7.2. IMPLEMENTATION .....cootiiiiiitiiiteeeeee ettt 70
7.3. TEST AND EVALUATION ......cootiiiiiiieeeeteete ettt 71
8. CONCLUSIONS AND FUTURE WORK .......ccoiiiiiiiiiiieeeeeee e 73

REFERENCES ..ot s 75



iX

LIST OF FIGURES

Figure 2.1.  TUring teSt [1]...eeeouiieeiiieieeeie ettt s 3
Figure 2.2.  Machine 1earning tyPes......c.ccceceereerieriierieenienieeieeseesee et 5
Figure 2.3.  Graphical illustration of bias and variance [2].........cccocceeriiiiniiiniiiiniceniienne. 6
Figure 2.4.  DECISION [IEC....ccuttiiuiiiiiiiiiitieeitee ettt ettt ettt st e st e s e s beeesanee e 9
Figure 2.5. Phong reflection model [3]......ccooiiiiiiiiiiiieieeeee e 12
Figure 2.6. Electromagnetic Spectrum [4]........cccoovvieiiiiiiiiiiiiieiiiee et 13
Figure 3.1, Pes planus [S]....cc.ooiiiiiiiiiieeeeeete e e 18
Figure 3.2, Pes planus [O].......cooiiiiiiiiiiiiiiieieeeeeee e 19
Figure 3.3, EMED [7] ittt s e 21
Figure 4.1. Calcaneus inclination angle [8].........cccoeoiiiiiiiriiieniiieeieeciee e 22
Figure 4.2. Metatarsal declination angle [9].........cccovviiiniiiiiiiiniiec e 23
Figure 4.3. Meary’s angle [10]....c..ccooiiiiiiiiiiiieeeeeeeee e 23
Figure 4.4. Lateral talocalcaneal angle [10]......c.ccccoviiiiiiiiiiiiiiiceeceeeee 23
Figure 4.5. Staheli index AB/CD [10] .....ooiiiiiiiieeiie ettt 24
Figure 4.6. Chippaux-Smiraka indeX i/8 [10].....cccceviiiriiieiiiiiiieeieeeeeeeeee e 24
Figure 4.7. Clarke’s angle [1T1]. ..ottt 25
Figure 4.8.  Arch index E/D+E+F [T1]...cooiiiiiiiiieeeeee e 26
Figure 4.9. Arch height index E/D+E+F [12]...ccoiiiiiiiiiiieeceeeeee 26
Figure 4.10. Rearfoot angle critical points [13]......cccceovvieriiiiirieeiiie e 27
Figure 4.11. Artificial neural [14]........cooiiieiiiiiie ettt s 28



Figure 4.12.
Figure 4.13.
Figure 4.14.
Figure 5.1.
Figure 5.2.
Figure 5.3.
Figure 5.4.
Figure 5.5.
Figure 5.6.
Figure 5.7.
Figure 5.8.
Figure 5.9.
Figure 5.10.
Figure 5.11.
Figure 5.12.
Figure 5.13.
Figure 5.14.
Figure 5.15.
Figure 5.16.
Figure 5.17.
Figure 5.18.

Figure 5.19.

Artificial neural NEtWOrK[15]...coooveoiiiee e 29
Recurrent neural network [16].........ooooiiiiiiiiiiiiiiiiieeeeeeeeeeeeeeeeees 30
Convolutional neural network example [17] ........ccoooiiiiiiiniiinniiiniieeee. 30
ATChIteCtUre d1aZIamm......ccccuviieieiiieeeeiiiee ettt et e et e e e e e e sbeeeeenaeeas 33
Prediction and fine-tune modules............ccceoeeriiiiiiiiinienienieeeeeeeeeeen 34
Prediction module sequence diagram.............cceceeerieeriiieeniieeeiieesiee e 35
Fine-tune module diagram...........ccocueevuieriinieniiiinicniceeeeeseeeee e 37
Fine-Tune Module - Web Application - Activity Diagram............cccceveenunenne. 38
Fine-tune module web application activity diagram.........cccccceevveenieennecennnen. 39
Batch process activity dia@ram...........ccceeeveeeiieiiieeniiieeieeniee e 39
Android (left) and i0S (right) application Ul............ccocciiiiiiinniiiniiiiieee. 42
User application validations (10S) .......cccccovueriiiniiniiniiieeneeeeeeeeeeeee e 43
User application onboarding (10S).......cccccecviriiiiiiiniiniinieieeeeeceeeeee 44
User application feedback (10S).......cooovuiiiiiiiiiiiiiieeieeceee e 45
Web application patient infOrmation .............eecveerveeerieeniieeenieenieeesiee e 46
Web application critical foot points On iMAZe..........eeevveeriueeerieeriieerieerieeens 47
Web application foot deformity OPONS........ccoeerieriiieniienieniieeieeeeneeeeeeeen 47
Web application critical point aSSIStANCE. .........eeerveerriieirieeriieeniee e 48
Web application information boXes..........ccceeerrriiieeeriiieeiniiee e 48
Deep learning test - DeepLab, FCN, YOLO, Skin, MIDAS (left to right)......50
Batch process minimum bounding box (green 1ine)..........cccceevvveeerieeenieeenen. 50
Batch process perspective transformation.............cceceeeveeneeniieecieeneeneeeeeenee. 51



xi

Figure 5.20. Batch Process - Sobel - Absolute Gradient X, Absolute Gradient Y, Magnitude
Gradient, Directional Gradient - Left To Right..........ccccooiiiiiiiiiiiiieeeeeeeee e 52
Figure 5.21. Batch process Sobel combined...........cccoovcuieriiiiiiiieiiiieniieeieeeiee e 52
Figure 5.22. Batch process polynomial function............cceevveiviiiinieeniieinieeniee e 53
Figure 5.23. General view of database............cccoceeriiriiiiiiiiiiniiiicceeceeee e 55
Figure 5.24. Database user group table...........ccooiiiiiiiiiiiiiiiiiiee e 55
Figure 5.25. Database diagnosis group table...........ccccceeeiiieriiieeiieeeie e 56
Figure 5.26. Database filleS ZroUP .....cccuieriieriiiieiiieeiie ettt ettt et siaeesaee e 57
Figure 5.27. Participants BMI type distribution based on CDC in study I..........c.cccccueeneee 58
Figure 5.28. Critical point results on study L........cccccoooiiiiiiniiiiiiiieeeceeee, 58
Figure 5.29. Index error normal distribution in study L...........cccooiiiiiniiniiiniie 59
Figure 5.30. Length error normal distribution in study L.........c.cccccovviiiniiiiniiiiieeieeee, 59
Figure 6.1. Architecture diagram of the updated SySt€m.........cccceeevvieriiireniieniieeenieeeieeens 61
Figure 6.2. Minor changes in end-user application in Study L...........ccoocceiriiinniiinnnnnneen. 63
Figure 6.3. Region of interest results in Study IL..........ccoccoooiiiiiiiiniiiee 64
Figure 6.4. Calculated critical points for rearfoot angle (red dots).......c.ccccevveeenieeriueennnee. 65
Figure 6.5. Participants BMI type distribution based on CDC in study II......................... 67
Figure 6.6. Foot deformity type distribution in study Il............ccocciiiniiiniiiiniiiieeeee 67
Figure 6.7. Rear foot angle vs foot deformity in automated process results...................... 68
Figure 7.1.  Accuracy improvement with polynomial regression window in study III....... 70
Figure 7.2. Greedy noise reduce improvement in study IT............ccooeiiiiiniinnnnnne 71
Figure 7.3. Slope calculation for error detection mechanism in study III.......................... 71



Xii

Figure 7.4. Foot deformity distribution in automated process results in study III............. 72

Figure 7.5. Foot deformity and calculated slope in automated process results in Study 11172



Xiii

LIST OF TABLES
Table 2.1.  3X3 Kernel (DOX DIUI)......cccovveiiieiiiiieieee ettt e e e e ee e 14
Table 5.1.  Participant statistics in Study L.......cccccooieriiiiiiiiinieceeeeeeeen 57

Table 6.1.  Participant statistics in Study IL........coooiiiiiiiiiiieeen 66



X1V

LIST OF SYMBOLS/ABBREVIATIONS

API Application programming interface
BMI Body mass index

CDC Centers for disease control and prevention
GDPR General data protection regulation

JWT JSON web tokens

KVKK Turkish data protection authority

Lidar Light detection and ranging

MQ Message queue

OMCS Optical motion capture system

RGB Red green blue

RDBMS Relational database management system
HSL Hue saturation lightness

RFC Request for comments

SSL Secure socket layer

Ul User interface



1. INTRODUCTION

In this section, pes planus and pes cavus deformations, which are foot deformation types,
are explained, also an overview of the motivation of the study is presented, and finally the

content of the thesis is detailed.

1.1. PROBLEM DEFINITION AND MOTIVATION

In our daily life, we often do not think about our physical extensions (e.g., foot). However, the
feet play an important role in the integrity of the movement system, as they carry the whole
body. Some scientists even describe feet as "hardworking workers of the body" because of

the critical tasks they perform [18].

Many different deformities are encountered in the foot since birth of the individual such as
pes cavus, pes planus, traumatic injuries and neurological lesions. Foot deformities affect gait
and cause compensatory changes in other joints. In addition, knee, hip, and waist problems
are also seen. Foot deformities disrupt the shoe fit and require special in-shoe orthoses.
Due to improper pressure, pressure points cause skin problems ranging from calluses to skin

ulcers.

Since it is estimated that about a third of the population has some form of foot deformity, it is
crucially important to detect foot deformities. Even though pes planus and pes cavus are not
the most common deformations in the population, they are the foot deformations that most
affect the productivity of individuals. Therefore, diagnosing and treating pes planus and pes

cavus is exceptionally important for society.

Pes planus is described as a decrease in the slope of the medial longitudinal arch. The
prevalence of pes planus in the specific age groups varies between <1 percent and 28 percent
[19,20,21,22]. On the other hand, pes cavus is described as an increase in the plantar
longitudinal arch slope. In addition, pes cavus is relatively less common than pes planus

[23].

The first objective of the research is to diagnose pes planus and pes cavus remotely via mobile



applications. However, remote diagnosis of pes planus and pes cavus is extremely difficult
since there is no reference point in foot detection. Therefore, as first objective of this work,
deep learning networks will be utilized to find the reference (e.g. foot) in images. The second
objective of the study is to model the sole of the foot to provide a more accurate preliminary
diagnosis. For this purpose, the function of sole of the foot will be calculated by using image

processing and regression.

Within the framework of this research, answers will be sought to questions such as;
* Whether deep learning algorithms are sufficient in foot detection?
* Is it possible to create the sole function with image processing?

* Is remote detection of pes planus and pes cavus possible, and can it be a viable solution

with the achieved detection ratio?

In the literature, there are many methods for detecting pes planus and pes cavus. These can
be divided into two categories: non-anthropometric and anthtropometric. Anthropometric
methods require external tools such as a digital radiography system. Although the literature
has proven that radiological imaging provides much better detection, however it is not
a suitable method for remote detection. Therefore, this work has been carried out with

non-anthropometric methods such as Arch Height Index and Rearfoot Angle.

1.2. THESIS STRUCTURE

Chapter 2 provides an introduce to the domains of artificial intelligence, machine learning
and image processing in detail. Chapter 3 describes the medical treatments and detection
methods of pes planus and pes cavus. Approaches to used to detect pes planus and pes
cavus are discussed in Chapter 4. Chapter 5 provides an overview of data collection and
detection system first, followed by a discussion of testing and results. Chapter 6 works on
completely different pre-diagnosis algorithms and participants. Chapter 7, which includes
discusses the improvement of the initial pre-diagnosis algorithm and its results. In the last

chapter, potential improvements and new concepts for future work are mentioned.



2. EVOLUTION OF TECHNOLOGY

This chapter provides an overview of artificial intelligence, machine learning, and image

processing.
2.1. ARTIFICIAL INTELLIGENCE

Artificial intelligence (Al) is the ability of a computer to perform various activities similar
to an intelligent entity. In order to understand whether these various activities are carried
out by artificial intelligence, humans need observation. There are two different alternatives
to observing intelligence. The first is introspection through the observation of thoughts, and

the second is the observation of behavior, which is the result of intelligence activities.

In the 1930s, Alan Turing, a pioneer mathematician, took part in the construction of the first
electronic computer. In 1950, he proposed the "Turing Test" to answer whether machines can

think, which is shown in Figure 2.1.

HUMAN
INTERROGATOR :

Figure 2.1. Turing test [1]

In the Turing Test [24], the subject communicates with the interrogator via a terminal. If the
interrogator does not understand whether the subject is human or a machine, the subject is

considered to have passed the Turing Test.

In the following years, programs such as SHRDLU [25], and ELIZA [26] were successful in
the Turing Test even though they do not fully represent human intelligence. For example, the
ELIZA program asks questions or forms sentences in response to the answers received from

the user. Like a therapist, ELIZA asks open-ended questions. In addition, ELIZA forms the



questions according to the predefined words in the answer. Hence, when there is an input
sentence that contains the word "friend,” it would reply with "Tell me about your friend.".
Thus, there is no understanding or representation of human intelligence. Therefore, based on

statistical information, it is possible to pass the Turing Test.

On the other hand, John Searle, who argued that machines could never have the ability to
think and understand, proposed the Chinese Room Experiment [27]. In the Chinese Room
Experiment, an instruction manual tells what to do if specified Chinese letters. The person
who is in the room writes in Chinese using this guide. Understanding Chinese is not replacing
symbols with certain symbols. In this respect, he suggests that computer programs will never

have the ability to understand.

There are three types of Al in the literature and; they are grouped based on their abilities. Weak
Al (Narrow AI) [28] is the performing intelligent actions on a specific field (Narrow-Area)
like the ability to drive a car. It is mainly emulating intelligence. General intelligence (Strong
Al) [28] is the ability to perform human-like intelligence in various tasks. It has equivalent
human behavior. Lastly, Super Intelligence [29] is the performing intelligent action that

exceeds humans’ performance in all domains.

Apart from this, there are many areas of Al such as Knowledge-based systems [30], Natural

Language Processing [31], Fuzzy Logic [32], Robotics [33].

After a brief introduction to artificial intelligence, the following subsection will make an

introduction to machine learning and machine learning types.

2.2. MACHINE LEARNING

Machine learning is the ability of machines to learn from experiences, make decisions
regarding similar situations in the future, and produce solutions to problems [34]. Therefore,
machine learning makes generalizations for a new related event by searching previous cases

and outcomes [34].

There are three types of learning methods: Supervised, Unsupervised, and Reinforcement

(Figure 2.2). The first one, Supervised Learning, requires an external intervention or an



internal mechanism to achieve the desired output values. The secondary, Unsupervised
Learning, utilizes the analysis of the inputs without external intervention. Last but not least,
Reinforced Learning, acquires knowledge by interacting with its surrounding environment

and processing the data via a trial and failure approach [35].

Linear Regression

—__Support Vector Regression_

Regression

Supervise Learning
K-Nearest Neighbors (K-NN)

Classification
~ Decision Tree

Hierarchichal Clustering
Clustering o

A K-Means

Machine Learning Unsupervised Learning

Sequential Backward Selection
Dimension Reduction

~ Kernel PCA

____Temporal-Difference Learning

~ Monte-Carlo Learning

Model Free

Reinforcement Learning

Model Based

Figure 2.2. Machine learning types

2.2.1. Supervised Learning

In supervised learning, both the input and output values are fed to the algorithm in the learning
phase. Therefore in the learning stage, the application processes input values and compares
the desired output values with the result of the application. The difference between expected
and output is treated as an error. The error value is calculated via a performance function.
Result of the performance function is returned to the system to minimize this error. As a

result, this process continues until the error is minimized.

In this error minimization, the algorithm generalizes outputs based on provided input data
(i.e. Test Set) which is also called a supervised learning algorithm. This process could cause

in four main problems. These will be discussed below.

The first one is the Bias-Variance trade-off [36] (Figure 2.3). A supervised learning algorithm

has a high variance in predicting results with a significant deviation from the mean and other



predictions when training in various practice collections. Therefore, the variance measures
the contiguity of the data predicted by the model to the actual data. On the other hand,
supervised learning algorithms are highly biased if inaccurate when forecasting the output
for different training sets. Therefore, the bias measures how incorrect the model is. As a
result, the success of the algorithm is usually associated with the amount of bias and variance
[37]. In most cases, the compromise between bias and variance is inevitable. In most of the

algorithms, this trade-off can be modified with a parameter or automatically.

Low Variance High Variance

Low Bias

High Bias

Figure 2.3. Graphical illustration of bias and variance [2]

The second problem is the complexity of the problem and the amount of training data. The
amount of data required to train an algorithm depends on the complexity of the problem. In
relatively simple problems, the small set of training data will be enough to achieve learning.
However, complex problems, which require feature extraction in multiple dimensions, need

a well-distributed and an extensive training set.

The third problem is the number of dimensions in an input space. The larger the number of
dimensions, the more difficult the algorithm will be to learn because of the high variance,
as redundant dimensions hide features. For this problem, there are algorithms to reduce
dimensions like autoencoders. Another approach for this problem would be manually
extracting features before feeding them to the algorithm. Alternative strategy would be

fine-tuning the supervised learning algorithm to low variance, and high bias may also solve



the problem.

Apart from this, there is a possibility of overfitting in complex problems even if there is no
noise. This type of overfitting is related to algorithms being unable to model the training
data, also called deterministic noise. There are a few possible solutions to this problem. The
first is removing data which caused overfitting from the data set by hand. Another approach
is to use other algorithms to remove data that caused overfitting from possible errors from
data sets and the last would be to use early stopping to prevent overfitting. For example, the

drop-out layer is used in deep neural networks to prevent overfitting.

Supervised learning is used to tackle two types of problems: Regression and Classification.
Regression is a collection of statistical techniques to predict the associations between
variables. It tries to model and analyze multiple variables when concentrating on the
connection between a dependent variable and one or more unrelated elements. Moreover,

regression is used extensively for prediction and projection.

There are two types of regression. These are parametric and non-parametric. In parametric
regression, the number of dimensions is predefined, such as Linear Regression and Ordinary
Least Squares. On the other hand, non-parametric regression has no defined dimensions.
As a result, regression models are often helpful in prediction, even if the assumptions are
moderately wrong. Nevertheless, in many cases, regression models can not operate optimally.

In the following paragraphs, we will examine a few Regression algorithms.

The linear regression method is a statistical technique that establishes a linear relationship
between the independent variable and the dependent variable to estimate the feature variable
[38]. In a linear regression equation, where an example is shown in Equation 2.1, x represents
estimator for a problem, y is the response variable a the slope of the regression line is a1 and,

b1 is the point at which the regression line intersects the ordinate axis.

y=aix+bix 2.1

The main working principle of the support vector machine (SVM) is to divide the data

into the broadest categories that separate them from each other, which is based on



Vapnik—Chervonenkis theory developed by Vladimir Vapnik and Alexey Chervonenkis.
SVM is successfully used in applications such as pattern recognition, time series analysis,
and classification. SVM can be applied to both linear and non-linear data. The regression
process is carried to the high dimensional feature spaces by the kernel function in non-linear

data.

The other type in which supervised learning is used is a classification that assigns each input
vector to a finite number of discrete categories [39]. One of the most known examples of this
classification is classifying emails as spam or not. Beside that, machine learning studies for
classification are used in various fields such as stock estimation, customer risk analysis for
bank credit, earthquake prediction, text classification, disease diagnosis, genetic studies. In

the following paragraphs, few classification algorithms were examined.

K-Nearest Neighbor Algorithm (K-NN) is a memory-based classification, where its popular
use is in the data mining domain. In K-NN, after the classes of the sample set are determined,
the method determines which new observation belongs to which class. Here, the samples
are considered a point in n-dimensional space, and the parameter k, the number of neighbors
closest to the given point, is determined [40]. The distances of all other points to the given

point are calculated individually because of this method based on distance calculation.

d(x,y) = (2.2)

The Euclidean Distance shown in Equation 2.2 is commonly used to calculate the distance
between observations. The smallest k is selected according to the distance values calculated

here [41].

Another classification algorithm is decision trees. They consist of internal decision nodes
and end leaves (Figure 2.4). A decision tree tries to establish which class the data with a
particular class will be included in, starting from the node with the highest information gain
[42]. One of the most commonly used algorithm to create a decision tree in data mining is
the ID3. The main principle of the ID3 algorithm is to classify objects by testing the values
of their attributes [43].
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Figure 2.4. Decision tree

2.2.2. Unsupervised Learning

The purpose of unsupervised learning is to model the underlying structure or distribution of
the data to extract information from raw data. Unlike Supervised Learning, there is no data to
guide the learning process. It is generally used for clustering, finding relationships between
attributes and size reduction. Besides, the results obtained with the unsupervised learning

algorithm can be used for supervised learning [44].

A critical point for unsupervised learning is that, while the information transmitted to learning
algorithms is highly rich in underlying composition, the objectives and prizes for training
are usually very narrow. Therefore, in this type of objective and prize, the algorithm should
understand the information instead of applying it to a specific task. As a result, using
unsupervised learning as a sub-task might improve the results even in supervised learning

tasks (e.g., Deep Learning Tasks).

Unsupervised learning is used for clustering and dimension reduction. Clustering is a data
grouping with similar characteristics in a data set. Therefore, there are high similarities within
the same cluster, and there are low similarities between clusters. K-Means and Hierarchical
Clustering are some of the commonly used clustering algorithms. These algorithms are
frequently used in areas such as customer segmentation, market segmentation, and computer

vision.

Clustering is a very fundamental task to discover unknown elements of unlabeled data.
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However, success measures depend on the users’ demands, such as a minimum number of
clusters. On the other hand, understanding the underlying knowledge in the cluster solely
depends on the user. In the following paragraphs, we are examining K-Means and Hierarchical

Clustering algorithms.

Hierarchical clustering (Hierarchical Cluster Analysis - HCA) is a cluster analysis technique
designed to produce a cluster hierarchy. There are two types of HCA; namely Agglomerative
(Bottom-Up) and Divisive (Top-Down). Agglomerative type starts by turning each data into
a cluster, and then the clusters that are close to each other in distance form a new cluster.
Divisive is the opposite of Agglomerative. At first, all data is created in a single set, then this

cluster is fragmented and reclustered.

After the K value (the number of clusters) is determined by the user in K-Means, the algorithm
selects random K points in the data set. Then, it calculates the distance between each point and
random k-points to assign the data to a cluster. After assigning the points to clusters, k points
are re-calculated based on the data in each cluster. Finally, the same distance calculation is
performed according to the new k points. The method continues until a point is not assigned

to relevant groups.

Real-life data has a large number of dimensions. This size of data brings complexity. This
complexity also creates some problems; for example, there would be a significant increase
in the amount of time and resources required to build a model. In addition, there is a high
correlation between some attributes, leading to overfitting [45]. Dimensionality reduction,
which decreases unrelated features or merges attributes into smaller sets of dimensions
[46], helps us solve this problem. The following paragraphs examine the Kernel Principal

Component Analysis (KPCA) and Sequential Feature Selection (SFS).

KPCA is based on standard deviation, covariance, eigenvectors, and eigenvalues. The use of
integral operator kernel functions and non-linear maps can correctly compute main parts in

high-dimensional feature spaces associated with input space [47].

SFA uses a greedy approach which is very useful for computationally complex problems.
However, it might produce unoptimized solutions. SFA reduces or generates attributes at

each iteration until the required dimension size k is reached.
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2.2.3. Reinforcement Learning

Reinforcement learning is based on the reward system, which helps evaluate results coming
from the environment by adapting itself to the actions it encounters [48]. Therefore, there
is no testing and training phase in reinforcement learning. Instead, the reward system tries
to give an insight into the environment by evaluating the outputs produced by the system as

good or bad.

Reinforcement learning has many applications, from robot control to simple board games.
For example, a chessboard game contains simple rules, but the opponent’s strategy is difficult
to predict in advance because of possible moves. Therefore, the system trained with the
reinforcement learning model evaluates each move of the opposing player and tries to make
the best move against his opponent. Accordingly, the system anticipates possible moves and

takes a position accordingly [49].

Reinforcement learning can be performed both model-based and model-free. In model-based,
algorithms try to predict the dynamics of the environment, such as alpha zero. On the other
hand, model-free algorithms try to optimize the rewards without modeling the environment,

such as g-learning.

The most well-known among the model-free reinforcement learning approaches is the
Q-learning method. It is often applied to maze and search problems [50,51,52]. Watkins,
who first proposed this method in 1989, used the letter Q for the value function where, the

method got this name [53].

There also many model-based reinforcement learning approaches such as World Models
[54], I2A [55], MBMF [56] PILCO [57]. PILCO is one of the most popular model-based
reinforcement learning algorithms. Unlike other model-based models, it uses Gaussian

Process for function approximation.
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2.3. IMAGE PROCESSING

In digital image processing, analysis, and computer vision have made significant advances in
theory and applications in recent years. Digital image processing has been a technological
leader in developments in many vital areas such as medical view multimedia systems, biology,
metal science, robotics and manufacturing, intelligent sensing systems, remote sensing,

graphic arts, and printers [58].
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Figure 2.5. Phong reflection model [3]

Digital image processing techniques consist of 3 different classes; these are low-level vision,
mid-level vision, and high-level vision. Low-level vision algorithms are specifically digital
image processing algorithms such as edges detection: their input and output are digital
images. Mid-level vision algorithms consist of digital images as input and image properties
as output such as object recognition, 3D reconstruction etc. High-level vision algorithms, on
the other hand, uses the higher level of perception such as conceptual description of activity,
intention and behavior [58,59]. In the rest of this section, information about Low-Level

Vision algorithms will be examined in detail.

2.3.1. Digital Image Representation

An image is the visual representation of an object by the capturing luminance emitted from
the source. The mathematical model underlying image formation is based on the emitting
source (e.g., visible light, X-rays, ultrasonic rays), the physics of the interaction of the emitting

object, and the system is used (see Figure 2.5). Such a system usually includes an optical
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lens, optical sensor, and image digitizer [58].

Digital images are generated by hardware that measures radiated energy from the source.
These measurements are taken from various points across two-dimensional space to form the
image. These measuring equipment are called sensors, and many different types are used. For
example, sensors can interact with various parts of the electromagnetic spectrum, acoustic
energy, electron emission, lasers, or other measurable signals. The electromagnetic spectrum

includes visible light, infrared, ultraviolet, X-rays, microwaves, radio waves, or gamma rays

(see Figure 2.6) [6].
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Figure 2.6. Electromagnetic spectrum [4]

2.3.2. Binary, Grey-Level And Color Images

Binary images are the simplest form of imagery which can be typically represented as "black"
and "white" or "0" and "1". A binary image assigns 1-bit to each pixel in the image which
is enough to represent each pixel [60,61]. In addition, binary images are often produced
according to a defined threshold value from gray-level images. Here, each pixel above the

threshold value gets the value "1", and the one below the threshold value "0" [60,61].
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Gray-level images do not contain color information and only describe luminance information,
also referred to as monochrome images. The number of bits used for each pixel is defined
by the number of different brightness levels available. For example, a typical image contains
8-bits per pixel, which allows image to have 256 (0-255) different brightness (gray) levels
[60,61].

Color images are expressed using color models that contain three or more values for all pixels.
Therefore, at least three two-dimensional matrices should express color images. Some of
the most popular color display systems are RGB (Red, Green, Blue), CMY (greenish blue,
magenta, yellow), and HIS (hue, vibrancy, intensity) [61]. If the 8-bit monochrome image is
used as the standard model, the corresponding color image should be 24-bit, with 8 bits for

all color bands (Red, green, blue) for each pixel [60].

2.3.3. Image Processing And Filtering

Image filtering is the process of adjusting the pixels in an image to change its look. Filters

can be used to increase contrast and provide a range of special effects to images [61].

Local processing is often required for the analysis of images. Since the character structure
of the image to be processed can vary significantly from one region to another, it is natural
that local processing is necessary. Many image processes can produce output information
depending on the neighbors of the pixels of the image given as input information. In reality,
there are many approaches based on this idea, often using sliding windows and varying from

convolution to mathematical structure [61].

The kernel is a small matrix used in the convolutions of the image. Kernels of different
sizes covering different patterns of numbers lead to different results under convolution. For

example, Table 2.1 shows a 3x3 kernel presenting an average filter.

Table 2.1. 3x3 Kernel (box blur)
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Convolution is applied by shifting the kernel on the image, usually starting from the upper
left corner of the image. This operation takes place in all positions where the kernel will
be applied, within the borders of the whole image, by moving the kernel. This application
differs on the edges of the images. Each core position corresponds to a single pixel output
calculated by multiplying the kernel values with the pixel value of the image and the sum of
all these numbers together [62]. Mathematically expressed formula of the convolution can

be seen in 2.3 where ¢ is the filter kernel and f (x, y) is the image.

a b
d(x,y)=¢x fx,y)= D, Y &(dv,dy)f(x+dx,y +dy) (2.3)
dx=—a dy=—>b
Convolution can be implemented with different kernels for various purposes such as blurring
or edge detection, such as the Gaussian filter and the Sobel Edge Detection Operators. A few

of the popular filters will be discussed in the coming paragraphs.

The box blur is replaces each pixel value of an image with the average value, including its
neighbors and itself. Therefore, this operation results in the disappearance of pixel values
that are not representative of their surroundings. This type of filtering reduces the relative
differences between the neighboring pixels of the image and improves contrast by reducing

noise and smoothing.

The second is the Gaussian filter, a convolution operator used to remove detail and noise and
blur images. Therefore, it performs similar result to the box blur, but the Gaussian operator

uses a different kernel, represented as a bell [63] (see Equation 2.4)

G(x) = —?/20 (2.4)

V2
The effect of the Gaussian operator is to blur the image, as in the box blur filter. The Gaussian
standard deviation determines the degree of blurring. Kernels used for a Gaussian with a
more significant standard deviation will have larger dimensions. It produces the output by
averaging the Gaussian center in the direction of the pixels. Therefore, it performs a smoother
operation relative to the box blur filter and reveals better edges than a Gaussian similar-sized

the box blur filter [63].
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The last one is the median filter frequently used to reduce the noise in the images. Asin the box
blur, the median filter evaluates the pixels in the image together with the neighboring pixels.
However, instead of taking the neighboring pixel values’ average, it takes the neighboring

pixel values’ median and replaces the pixel value [62].

2.3.4. Edge Detection

Edges are places in the image that have significant brightness changes. Therefore, edge
detection is widely used to detect the object boundaries that usually occur in the image
regions. In addition, creating the image with the edges of the image can significantly reduce

the amount of data while retaining most of the image information [62].

Since the edges are mainly composed of high frequencies, the edges can be detected by
applying a high-pass frequency filter in the Fourier region or by convolution the image with
a kernel. However, edges are detected by applying convolution with a specific kernel in

practice because it is computationally inexpensive and gives better results [62].

The edges can also be found by calculating the derivatives of the image since they correspond
to substantial illuminance. Therefore the edges can be detected by the maximum of the first

derivative and the zero of the second derivative.

Different edge detection kernels make it possible to calculate an image’s first and second
derivatives. For example, Prewitt Compass Edge Detection [64], and Gradient Edge Detection

operators [65] are two common approaches for calculating the first derivative of an image.

Prewitt Compass Edge Detection involves convolution of the image by adjusting the kernel
sensitivity to identify a different edge. It determines the kernel edge size and definition
that produces the maximum response at a pixel location. On the other hand, Gradient Edge
Detection is a second and more widely used technique. Here, the image is convoluted with
only two kernels for the x-direction and y-direction. The Sobel, Roberts Cross, and Prewitt

operators are the most common kernels used as gradient edge detection detectors.

In Gradient Edge Detection, the pixels related to the edge need to be defined after calculating

the magnitude of the first derivative. The simplest way is to set a threshold and consider
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all pixels with a local value above the threshold to display edges. An alternative technique
to a gradient image is to identify one pixel-wide edge at the local maximum point, which is
a more common technique used by the Canny edge detection method. Canny first applies
Gradient edge detection to the image and then finds the edge pixels by cutting non-maximum

points and tracking hysteresis [66].
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3. FOOT DEFORMITIES

Correspondingly, this chapter gives an overview of significant and relevant research in pes

planus and pes cavus medical treatments and detection methods.

3.1. PES PLANUS AND PES CAVUS

Abnormalities and irregularities in the normal structure of the medial longitudinal arch cause
functionally unstable conditions of the foot such as pes cavus or pes planus. Pes planus is
the loss of the medial longitudinal arch of the foot that results in the entire bottom of the foot
approaching or touching the ground while walking or standing [67] (see Figure 3.1). This
arch acts as a flexible and adaptable foundation for the entire body [68], and its functionality
is also vital to the body as it relieves the stresses of weight-bearing during the walking cycle
and stores mechanical energy within the stretched elastic ligaments [69]. Although it may be
asymptomatic, a defective medial longitudinal arch can alter the biomechanics of the lower

extremities and lumbar spine, resulting in an increased risk of pain and injury [70].

m&}

Pes Planus Normal Foot

Figure 3.1. Pes planus [5]

Pes planus is caused by a variety of reasons that might be acquired or congenital. By the
age of six, the majority of congenital pes planus abnormalities have vanished, and this is a
normal aspect of human body development [71]. However, some congenital conditions can
persist throughout adulthood, particularly those associated with obesity [72]. Pes planus can,
however, develop as a result of various malformations in the extremities. One of the most
prevalent causes of pes planus is functional issues with the posterior tibial tendon, which
sustains the arch of the foot and allows for inversion and plantarflexion. Females over forty

who have diabetes or are overweight are more likely to have posterior tibial tendon damage



19

[73]. In addition, pes planus can be developed more commonly in patients with congenital
ligamentous laxity secondary to Down syndrome, Ehlers Danos or Marfan. Pes planus is
also common among patients who have had midfoot or hindfoot trauma, such as a navicular,

first metatarsal, or calcaneal fracture, or a Lisfranc ligament complex injury.

Marmal Foot

Figure 3.2. Pes planus [6]

Pes cavus, on the other side, is foot deformity distinguished by an elevation of the plantar
longitudinal arch (see Figure 3.2). Clawing of the toes, posterior hindfoot deformity, plantar
fascia contracture, and defects in the great toe are all common deformities associated with
pes cavus. Furthermore, a common symptom of an underlying neurological disorder is pes

cavus [74].

3.2. MEDICAL DETECTION SOLUTIONS

Pes planus and pes cavus have been diagnosed using ultrasonographic reviews, radiological
evaluation, somatometric measurement, and clinical examination. In addition, indirect (or
non-anthropometric) measurements are also utilized in the literature to detect pes planus
and pes cavus, such as Inked or digital footprints (pressure measurements) and photographic
[70,75]. However, radiological evaluations [76,77] are the most well-accepted and used

approach for detecting pes planus and pes cavus in a wide range of solutions.

Chung et al. [78] used the well-accepted radiographic detection technique to evaluate
radiological data of 103 subjects’ navicular and talar heights and the arch index. According to
their findings, the Staheli arch index, Chippaux-Smirak index, and Clarke’s angle have 85.43
percent, 90.54 percent, and 83.89 percent prediction probability in preschool-aged children

correspondingly. In another research, Pauk et al. [79] evaluate Clarke angle and radiography
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data of sixty kids. Correlation between radiography and the footprints discovered in the
research. Correspondingly, many research have been conducted to examine the relationship

between footprint and radiography methodologies [80,81,82].

Aside from the comparisons research presented above, several studies in the literature only
use non-anthropometric methods to detect pes planus or pes cavus, such as planimeter [83]
or arch index [84,85]. Aside from the comparisons research presented above, several studies
in the literature only use non-anthropometric methods to detect pes planus or pes cavus, such
as planimeter [83] or arch index [84,85]. Consequently, the non-anthropometric methods’

applicability has been demonstrated to be viable.

On 305 Maldivians between the ages of 13 and 17, Igbigbi et al. [85] used an arch index
(footprint ratio) to identify arc type and pes planus ratio. Subjects’ foot data is obtained in this
study by making an imprint of the participant’s sole with ink and a piece of paper. According

to the authors, the technique employed is cost-effective, resilient, and more efficient.

However, Kanatli et al. [80] used 38 pre-schoolers and school-aged children with an
average age of 6.4 (ages range from 3.7-11.7) to compare radiologic measures and footprint
methodologies in order to determine the association between the two approaches. According
to the data, there is a strong link between arch index, talo-horizontal angle, and talo-first
metatarsal angle. On the other side, they discovered no link between arch index, lateral

talocalcaneal angles, and calcaneal pitch.

A study that compared footprint and radiographic measures on 338 people found a
decent association between the Staheli index, the Grivas Classification System, and the
Chippaux-Smirak index with a similar impression [86]. The authors emphasize, however,
that there is a limited association between the radiological measurement methods calcaneal
pitch angles and talo-first metatarsal angle and all three footprint measurement methods as
a result of the findings. However, the authors highlight a limited association between the
radiological measurement methods, the talo-first metatarsal angle and calcaneal pitch angles,
and all three footprint measurement methods as a result of the findings. Furthermore, the
findings show that the footprint measurement methods and talo-horizontal angle have no

meaningful correlation.
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3.3. PES PLANUS AND PES CAVUS DETECTION TOOLS

There are a variety of produced systems for detecting foot abnormalities, ranging from simple

solutions like planimeter [83] to far more advanced systems like gait analysis [87].

Gait analysis [88,89] is used by the majority of commercially available devices to detect a
variety of foot abnormalities. Optical motion capture systems (OMCS) [90] are also used by
some of these systems to detect foot abnormalities. Nevertheless, having this extra equipment

for greater accuracy increases the required budget.

Moreover, some businesses like Sennotech’s Senno Gait are designing low-cost solutions to
address the market gap by reducing sensitivity. For example, Sennotech [88] analyzes gait
using low-cost sensors and Al models. As aresult, these devices are less expensive and easier

to use, and they provide information such as injury concerns and irregular movement.

Figure 3.3. EMED [7]

Many researchers [91,92,93] have employed pressure detection devices [94,95]. These
devices are far more widely available than OMCS equipment. However, they provide fewer
data. Buldt et al. [91], for example, employed EMED (see Figure 3.3), a pressure sensing

device, to assess pes planus and pes cavus in their research.
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4. METHODOLOGY

This chapter discusses and details the methodologies in the literature that are used to detect

pes cavus and pes planus, and as well as deep learning.

4.1. FOOT DEFORMITY DETECTION

One of the most efficient techniques to detect pes planus and pes cavus is using radiological
scans. On the other hand, Pes planus and pes cavus may only be seen when the feet are
pressed on the sole. Thereby, lateral radiographs are taken laterally or from the top of the

knee and downwards for arch measures, while pushing the foot on the ground.

Many approaches for determining the state of the foot using radiological imaging have
been documented in the literature. The use of calcaneal inclination angle, first metatarsal
declination angle, lateral talocalcaneal angle, and Meary’s angle are the most well-known of

them all.

Figure 4.1. Calcaneus inclination angle [8]

The angle formed by a tangent line drawn between the lower face of the calcaneus to the
ground is known as the calcaneus inclination angle (see Figure 4.1) [8]. If the calcaneal
inclination angle is between 20 and 25 degrees, the foot is considered healthy. Pes planus, on
the other hand, is defined as an angle of fewer than 15 degrees [96]. However, if the angle is

more than 30 degrees, it is considered pes cavus [97].

The metatarsal declination angle is measured by considering the horizontal surface under
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Figure 4.2. Metatarsal declination angle [9]

the sole and the calcaneal inclination axis and using a weight-bearing lateral foot radiograph
(see Figure 4.2). The metatarsal declination angle in the general population is predicted to
be around 21 degrees [33]. In any situation, the metatarsal declination angle is greater than

30 degrees, defined as pes planus [33].

Meary's angle

1st metatarsal

Figure 4.3. Meary’s angle [10]

Meary’s angle [8] is calculated by drawing a line through the centers of the longitudinal axes
of the talus and first metatarsal (see Figure 4.3). The foot is accepted to be pes planus if the
resulting angle is more than 4 degrees (convex downward) [98]. If the computed angle is less

than -4 degrees (convex upward), the foot is classified as pes cavus [99].

Figure 4.4. Lateral talocalcaneal angle [10]
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The calcaneal axis and the collum lateral axis form the lateral talocalcaneal angle (see Figure
4.4) in a weight-bearing lateral foot radiograph. If the angle is less than 35 degrees, it is
considered to be pes cavus. In contrast, if the angle i1s more than 50 degrees, it is diagnosed

as pes cavus.

Figure 4.5. Staheli index AB/CD [10]

Compared to the anthropometric pes planus and cavus detection procedures stated above,
non-anthropometric measurements, while less accurate, are significantly more readily
available, less expensive to administer, and less harmful - i.e. do not require people to expose
themselves to radiation. Therefore, Non-anthropometric procedures can be performed in

large groups and in advance due to their ease of access.
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Figure 4.6. Chippaux-Smiraka index i/s [10]

The footprint approach, which involves sinking the foot into ink and then pressing it onto

graph paper, is one of the most common non-anthropometric methods used in the literature.
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Many indexes, such as the Staheli arch and the Chippaux-Smirak indices, use graph paper to

identify pes planus and pes cavus.

By dividing the width of a foot’s center part by the width of the heel region, the Staheli index
is determined (see Figure 4.5). The foot is considered to be pes planus if the determined ratio
(index) is more than 0.8. However, if the estimated ratio is less than 0.4, it is classified as pes

cavus [100].

On the other hand, the Chippaux-Smirak Index (see Figure 4.6) is calculated by taking into
account the ratio of the midfoot’s narrowest and widest regions. If the resulting proportion
greater than 0.45 in the Chippaux-Smirak Index is defined as Pes planus. On the other hand,

it is considered pes cavus [100] if the proportion is less than 0.25.
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Figure 4.7. Clarke’s angle [11]

The Clarke angle is formed by a line joining the tangent at the medial edge (A-C line in Figure
4.7) of the footprint and the longest vertical distance from the medial border of the foot to the
point where the medial tangent intersects the edge of the forefoot (A-B line in Figure 4.7).
Based on the size of the A and B lines’ angle a foot is classified as, Normal (42°-54°), mild
flatfoot (35°—41°), moderate flatfoot (30°-34.9°), severe flatfoot (30°), and high arched foot
(> 54°) using the Clarke’s angle approach [101].

The arch index is calculated by identfying the midfoot area (E in Figure 4.8) in ratio to the

sum of the hindfoot (F in Figure 4.8), midfoot, and forefoot (D in Figure 4.8) areas. If the
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Figure 4.8. Arch index E/D+E+F [11]

ratio of the arch index is equal to or larger than 0.26, the foot is considered to be flat. If it is

less than 0.21, it is considered pes cavus. Otherwise, it is a normal arch [102].
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Figure 4.9. Arch height index E/D+E+F [12]

There are other non-anthropometric procedures that do not require a footprint, such as arch
height and rearfoot angle. Instead, these use intermediate results such as pictures to make

measurements.

The arch height at 50 percent of the entire foot length is divided by the truncated foot length
to calculate the arch height index (see Figure 4.9). In the arch height index average pes planus
foot’s ratio is expected to be 0.35 + 0.03 and average pes cavus foot’s ratio is expected to be

0.40 = 0.03 [103].

Rearfoot angle is calculated using the angle between two lines, As illustrated in the figure
4.10. The lines contracted by the four points are the Achilles tendon center at the height of

medial malleoli, the center of the shank posterior, 15 cm above the Achilles tendon center,
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Figure 4.10. Rearfoot angle critical points [13]

and the base of the calcaneus [104]. If the calculated angle is between -4 and 4 degrees, the
foot is classified as normal. On the other hand, If the computed angle is larger than 5 degrees
and valgus, it is considered pes planus. If it is then 5 degrees and varus, it is classified as pes

cavus [105].

4.2. DEEP LEARNING

Deep learning is a prominent object identification approach, a subset of machine learning that
can be supervised (such as classification) or unsupervised. As aresult, deep learning employs
a large number of non-linear processing unit layers for feature extraction and conversion.
Hence, each subsequent layer uses the output of the preceding layer as input and produces a

classification [106].

One of the most influential aspects of deep learning is feature extraction. Low and high level
(i.e. features extracted from low-level features) can be automatically extracted from data in

deep learning. Therefore, manual feature extraction has become obsolete in deep learning.
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However, deep learning algorithms require comprehensive data and high-performance

hardware to process this data compared to other machine learning algorithms [107].

Deep learning is a very effective method that provides the ability to train and learn systems
with large and complex probabilistic models. In order to achieve this, it uses different layers in
a data representation. Therefore this provides the ability to pre-trained those layers separately.
As a result, recent research shows that it provides more successful results than traditional

approaches [108,109].

The data’s size and complexity are significant factors in deep learning training. Therefore,
increased complexity and size affect the training time. Transfer learning can be used to reduce

training time by using deep learning algorithms trained in similar fields [106].

There are many deep learning architectures. Some of the significant architectures will be
discussed in the following paragraphs starting with artificial neural networks then, recurrent

neural networks, convolutional neural networks.

Artificial neural networks are a building block of deep learning that perform functions
such as remembering, learning, generalizing, and producing new information by mimicking
the human brain. Artificial neural networks are used in many fields and applications
such as fingerprint recognition [110], autonomous vehicles [111], voice recognition [112],

meteorological interpretation [113], handwriting recognition[114].
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Figure 4.11. Artificial neural [14]

Artificial neurons have a straightforward structure. They consist of input, weights, bias,
activation function, and output (see Figure 4.11). Inputs are the data coming into neurons
from another artificial neuron or the initial input. The input is multiplied by a weight value

and summed with the bias, which is optional. After calculating the summation, the output
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is produced with the help of the activation function. In addtion, each input effect can be

adjusted with bias.
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Figure 4.12. Artificial neural network[15]

The combination of artificial neuron cells form an artificial Neural Network. An Artificial
Neural Network is made of three main layers. These are the input layer, hidden layer, and
output layer (see Figure 4.12). The input layer brings the initial data into the system, which
does not undertake any processing and relays that data directly to the lower layers. Next, the
data is transferred into the hidden layer for further processing. Depending on the structure of
artificial neural networks, the number of hidden layers may vary. Finally, after the processing,

the output layer receives that processed data and offers the final results.

The calculated output and expected output values are processed according to the error
function. Therefore, the error value is the difference between the calculated output and
expected values. Finally, the calculated error value is updated using the optimization function.
Various parameters, such as the number of data, the number of layers in the neural network,
the activation function, and the learning rate [106], directly affect the success of artificial

neural networks.

Recurrent neural networks (RNN) are another essential architecture with an internal memory
structure. Their internal structure provides input history so that it correctly predicts the future.
Whereas in conventional neural networks, all input data are assumed to be independent of
each other, the basic idea of recurrent neural networks is to use sequential information [115].
Although RNNs are considered to be able to use information in very long sequences, in

theory, it is known that returning to information is very limited in practice [115].
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Figure 4.13. Recurrent neural network [16]

RNNSs create a loop and use past data, which can be seen in Figure 4.13. RNNs are used
in language modeling [116], machine translation [117], speech recognition[118], image

description creation [119], and video tagging [120].
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Figure 4.14. Convolutional neural network example [17]

Convolutional neural networks, which are created by taking as a model the human vision
system, have achieved significant success in computer vision [121,122,123]. They are used
in many areas such as object recognition, object classification, object tracking, sentence
modeling. CNN may contain many layers: the input layer, convolution layer, ReLu, pooling
layer, fully connected layer, dropout layer, classification layer, and output layer (see Figure

4.14).

The convolution layer, also known as the transform layer, is based on circulating a filter over
all the input data. Filter sizes can be in different sizes such as 2x2, 3x3. The filters take the
output data from the previous layer, apply the convolution operation and generate a feature
map. Feature maps are regions where features specific to each filter are discovered. Edge

information can also be found in this feature map [106]

The convolution layer, also known as the transform layer, circulates a filter over all the input
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data. Filters can be in different sizes, such as 2x2, 2x3. These filters take the output data
from the previous layer, apply the convolution operation and generate a feature map. Feature
maps are regions where features specific to each filter are discovered. For example, edge

information can also be found in this feature map [106].

The primary purpose of the pooling layer is to reduce the size of the input data. As the
data leaves this layer, size reduction and information loss occur. This loss benefits the neural
network as it reduces the computational load and prevents the system from memorizing [106].
Another layer that causes information loss is the dropout layer. Using this layer, some of the

data is not transmitted to the next layer

The fully connected layer is linked to all areas of the previous layers used in many network
designs. Also, multidimensional data is converted to one dimension in the classification layer
using the flattening method. As a result, classification is performed on one-dimensional data

[106].

There are many object detection applications that have been created for the purposes such
as people counting [124], autonomous vehicles [125], and face detection [126]. The general
principle of object detection is to recognize a previously defined object class in a new image
and define the positions of each object it detects in this image using a rectangle that encloses

the entire object [106].

Many accurate and fast algorithms are available for object detection and tracking. However,
the most straightforward deep learning approach for object detection and object tracking in
deep learning is convolution neural networks. One of the disadvantages of this approach is
that it does not recognize objects of different sizes. This requires each of them to be processed
separately and requires a lot of computation time. Nevertheless, many neural networks are

available for object detection, such as Fast R-CNN [127], Faster R-CNN [128], YOLO [129].

Semantic segmentation, one of the challenging problems in image classification, is defined
as the labeling of raw pixels in an image with an object category. Deep learning approaches
such as FCN and DeepLabV 3 have been developed for semantic segmentation. For instance,
an image is acquired using the Fully Convolutional Network (FCN) approach. Then, a

segmented image of the same size as the input is produced. In this way, different probability
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values can be obtained for each pixel in the input image [130]. DeepLabv3 is an approach
built on top of the ResNet-101 [131] architecture by adding Atous Spatial Pyramid Pooling
(ASPP). ASPP applies convolution filters with different void ratios on the ResNet output to

obtain feature maps with different details according to the void ratios of the filters [132].
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5. STUDY I- FOOT DETECTION AND PRIMARY DIAGNOSIS

This chapter provides an overview of the primary system. Unlike other example solutions,
the proposed approach will contain progressive updates with collected data over time. That
is why the initial study contains fundamental structures to conduct the research. Accordingly,
in Section 5.1, discusses general system analysis and design decisions. Section 5.2 covers
detailed implementation of the prototype system, and lastly, Section 5.3 presents evaluation

phase and initial test results.

5.1. ANALYSIS AND DESIGN

The system, when used by patients, calculates a preliminary detection of potential pes planus
and pes cavus. Therefore, end-user interface, healthcare interface, back-end services, and
database are needed. Each structure contains its own development life-cycle to provide the

best results. The proposed structure of the system can be seen in Figure 5.1.
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Figure 5.1. Architecture diagram

The goal of the study is to assist the medical staff in detecting pes planus and pes cavus and
reduce the workload of medical staff. The system to be formed at the end of the study should
provide basic functional requirements and as well as non-functional requirements, which are

detailed below;
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* Detection of pes planus and pes cavus with at most accuracy in provided images.

* Detects predefined extreme health cases and redirects users to healthcare professionals.
 Verify the results manually with an interface for experts

* View detection results

* Provide statistical reports about pes planus and pes cavus

* Provide the functionality to a wide range of users on multiple mobile platforms.

» Store all confidential information securely

» Store all essential information in non-volatile storage

* Design scalable system for large scale usage
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Data

/
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Figure 5.2. Prediction and fine-tune modules
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Furthermore, all the services should not be accessible by unauthorized users since the system
contains confidential information. Therefore, the same authorization process should be used
in all information access. In addition, for research purposes, user data will be purified from
user-identifying information when calculating measurement methods imposed by KVKK and

GDPR, such as phone numbers.

The system should contain two essential components in order to provide a stable service:
the prediction and fine-tune modules. In addition, modules should support each other and

improve the process, as shown in Figure 5.2.
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5.1.1. Prediction Module

The prediction module should essentially consist of two parts, namely end-user and
pre-diagnosis application. The end-user application will provide remote access, which is
one of the priorities of the system, to the user. Thus, patients will be provided with healthcare
services without going to the hospital. To this end, mobile applications should provide
services to 95 percent of the mobile operating systems in the market, which are mainly
made of iOS and Android operating systems. After user information is collected through the

end-user application, pre-diagnosis application will be used to diagnose the user and provide

results.
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Figure 5.3. Prediction module sequence diagram

In the prediction module, user information collection is one of the fundamental parts.
Information collection should be divided into three fundamental headings: essential, health,

and foot information.
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The essential information collection part focuses on differentiating end-users. Therefore,
unique properties such as users’ phone numbers or email addresses should be collected
as part of this heading. Furthermore, gender, birth date, weight, and height should also
be collected to analyze the population variance. Even if it is not related, the terms and
conditions document that asks the user to confirm data usage and storage permission also

should be viewed and agreed upon under this heading.

The second part is the health information collection which focus on detecting health issues
related to pes planus and pes cavus. However, this part also requires the system to detect
the evaluation requirement of health professionals for critical health issues. Therefore, the
system should propose a direct call or appointment for the face-to-face examination between
the user and health professional in such conditions. Furthermore, discovering critical health
issues should be based on a rule-based system to reduce errors. However this is expected to

be very limited to specified cases such as extreme pain levels.

Finally, the foot information collection part should focus on detecting pes planus and pes
cavus. Therefore, the degree of pain in physical activities, the degree of pain at night, and
most importantly, pictures of the foot should be collected. In Figure 5.3, the sequence diagram

of the prediction module can be seen.

In the prediction module, the collected information should also inform health professionals
in order to reduce examination time. Besides that, in Section 5.1.2, Fine Tune Module, the
system performance improvement step, which is formed by adding new data to be obtained

from health professionals, will be discussed.

In addition, all end-user applications should be user-friendly and provide sufficient feedback
information for users. This feedback will improve user satisfaction and reduce the overall

process’s time consumption, such as application usage instructions.

Last but not least, the prediction module collects statistical data as part of the survey.
Conducting surveys through the end-user applications will allow the system to reduce Ul
shortcomings. Apart from these, the same surveys will also enable healthcare professionals
to receive feedback on actively performed healing procedures. Some procedures require users

to perform actions on a daily or weekly basis. Therefore surveying these actions to improve
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users’ overall experience on digital healthcare is of utmost importance for the system to be

more user friendly.
5.1.2. Fine-Tune Module

The fine-tuning module, which is the integral part, should include background procedures
and healthcare professionals’ interface. In order to achieve this, the module should implement
two functionality namely system enhancement and user interface. Accordingly, in order to
provide workflow, healthcare professionals, also known as system managers, should review
and analyze user-provided data, which should be used to refine system diagnoses process.
Eventually, the system should actively enhance the pre-diagnosis process by using the data

doctored and adjusted by the system managers.
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Figure 5.4. Fine-tune module diagram

As can be seen in Figure 5.4, a web application should be implemented for system managers
to display and review the user input, such as foot images, previous diseases. In the
web application, system managers should be able to calculate foot types with objective
measurement methods such as the Staheli arch index with provided images from the user. As

a result of this calculation, there will be two results, one provided from the doctor, and one
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generated by the system which can be later compared.

System managers supply data in an orderly fashion in dual circles; provide, validate (see
Figure 5.5). Healthcare professionals view patient information in the provided cycle and
contribute foot type detection inputs. Information viewing involves primary data (BMI, Shoe
Size), patient complaints (pain level, pain duration), health history (surgeries and chronic
diseases), and foot pictures. Afterward, foot type detection inputs are provided by health
workers. As a result of detection inputs, the system should be able to calculate multiple foot

indexes. In Figure 5.6, the sequence diagram of the fine-tune module can be seen.

Any Data in
Initial Cycle ?

Any Data in
Second Cycle 7

Yes

Validate Information <}

Figure 5.5. Fine-Tune Module - Web Application - Activity Diagram

At the end of the initial cycle, the system should calculate well known accepted foot indexes
using key points obtained from healthcare professionals. These indexes should be pre-defined

such as Chippaux-Smirak Index, Arch Height Index.

The second cycle should provide the calculated data to healthcare officials to validate the
results. The system user should see how the results are calculated, related user data, and
other meaningful information in this second cycle. At this stage healthcare professionals can
respond to each of the results as move to initial cycle, unusable or approved. Accordingly,

the approved results should be used to improve batch process performance

Furthermore, the second cycle should also focus on preventing any user-related errors.
Therefore, multiple calculation results, formulas, and corresponding result statuses (pes
planus and pes cavus) should be displayed to reduce the errors. In addition, the system
should be able to rewind the cycle to the initial state is based on healthcare professionals’

decisions.
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Figure 5.6. Fine-tune module web application activity diagram

5.1.3. Batch Process

The batch process should be designed to improve the pre-diagnosis with the data provided
from the prediction and fine-tune module. In addition, the batch process should be automated
for continuous learning. Therefore, this will provide the system to improve itself over time

through the data provided by the modules (doctors and patients).

Get All Valid User Calculate Mode! Calculate Percentage
Photos Results Error

~

Update Model Yas

Figure 5.7. Batch process activity diagram
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The batch process should consist of four basic steps. Firstly, the batch process should get all
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the valid user-provided photos from the prediction module. Then, the system should process
all the images on the current model and calculate the results. After the calculation, the batch
process should calculate percentage errors with provided data from healthcare professionals.
Then, based on results improvements, the model is updated or not. Finally, all the calculations
should be redone when the model is updated until the best results are obtained. In Figure 5.7,

the activity diagram of the batch process can be seen.

In addition, the batch process should provide reports about the system’s detailed and overview
progress, which contains calculated multiple errors. The overview results are a comparison
of patients’ diagnoses. As a result, this error calculation should provide how successful the
system is as a product. Moreover, the detailed error results should be used to improve the
system in short cycles. The detailed error calculation should use sub-findings of the system
and the calculation points provided by health workers, such as points on the pictures used to

identify foot structure.

5.1.4. Foot Index Calculations

The system should use multiple methods to find the best approach and assist healthcare
professionals in diagnosing patients successfully. Therefore, a fine-tune module system
should provide foot indexes, calculation methods used in the examination such as Arch
Height Index, Chippaux-Smirak Index, Staheli Index, Clarkes Angle Calculation, Rearfoot

Angle Calculation.

Each calculation type requires its specialty to diagnose accurately, such as the calculation of
specific angles of the foot structure. Therefore, the system focuses on a specific type of index

calculation, the Arch Height Index, in an automated process to reduce errors.

The arch height index should be calculated using a single foot image. Thus single image
usage reduces user workload and improves user experience. In addition, the arch height
index requires an image of the foot containing the side of the foot to calculate the index type

correctly. This image should be used to detect reference points on the side of the foot.

Other index calculations are not used for the automated process. They were used only with

the data provided by healthcare professionals, which details are explained in the offline phase
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part. Instead, other index methods are used as reference methods for our calculations. This
will allow us to compare different types of measurements. Consequently, the best method for

the mobile approach will be selected. The calculation details can be seen in Chapter 4.

5.2. IMPLEMENTATION

This section discusses the implementation details and decisions of the study. The study
contains multiple applications. Each application is divided into its implementation section.
In addition, this section starts with the development process subsection, which explains

applied development processes for each application.

5.2.1. Development Process

Software engineering is one of the fastest-growing fields in computer science. Over the
years, it has had some milestones in development processes. However, in general, iterative
development in its core has never changed. The most significant difference in software
development processes is the reaction to changes in requirements. Therefore, a hybrid model
of software development processes is applied, which are different in each application. This

section will provide information regarding this decision and the reasons for it.

Client applications follow the prototype development process since collecting the data was
crucial at the start of the development process. In addition, client applications contain
dynamic composition where requirements change based on feedback. For example, only
the i10OS operating system was supported at the beginning of the project, but the Android
prototype was also introduced due to the diverse mobile market and the users’ need for

Android applications.

On the other hand, batch processes, which used by the other application in Study I, were
less prone to change and had no different types. Therefore, the waterfall development
process is adopted. In addition, the server APIs for rapid response to client application
changes have continuously improved throughout its lifetime as it fundamentally embraces

Agile development.
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5.2.2. End-User Application

The end-user system contains two distinct clients, which are iOS and Android. Client
applications developed in mind usability, accessibility, inclusion, updated and improved
during the application lifecycle. Consequently, this will improve the user experience and be

satisfactory for all user groups.

The 10S client is compatible with 10S 11 and forward, making it accessible for 99,7 percent
of the market share. Furthermore, mainly Swift programming language is used for the
development of the client. Therefore, this makes it easy to support feature updates and

compatibility for all the iOS ecosystems.
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Figure 5.8. Android (left) and iOS (right) application Ul

The Android client is compatible with API level 16 and forward, making it accessible for
99,8 percent of the market share. Furthermore, the Flutter software development kit is
used in the development process, which requires Dart programming language. Therefore,
this makes the software compatible with iOS and Android publishing. On the other hand,

the Flutter application is only used for Android clients as this process requires additional
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development. However, this feature can also be used in the future development process to

reduce development costs.

Both end-user applications use the same user flow with corresponding platform Ul
specifications. Therefore this will enable users to complete their operations more comfortably
with the UI they frequently use, shown in Figure 5.8. Furthermore, user documentation is
also created to help smooth the user experience. This document contains all the information,

from how to use it to the download links of the application.
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Figure 5.9. User application validations (iOS)

Even though end-user documentation is created, client applications always consider user
mistakes and misunderstandings. Therefore, input validation and feedback are implemented
through the application. These validations include input type, max-min character, logical
validations, and many more, shown in Figure 5.9, to improve users’ experience. In addition,

user tutorials are also added to guide the user, which is shown in Figure 5.10.

The image collection is a fundamentally similar process for both clients. This process includes
taking a photo or taking it from the gallery. After that, since image sizes would be different in

different hardware, i0OS and Android prototype applications resizes the image and transfer it in
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base64 format. Furthermore, file compression is used to reduce the traffic when transmitting
the images from client to server. Deflate, a lossless compression format, is selected for
compassion since it is a widely used open-source compression algorithm available in major
operating systems. In addition, there is a file format validation on clients for gallery-selected

images.
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Figure 5.10. User application onboarding (10S)

The shooting angle and feet pressuring the ground during the photos shooting are essential
for pes planus and pes cavus detection. Therefore onboarding is displayed (see Figure 5.10)
before each shooting. This onboarding shows a preview of how shooting should be and the

state of the foot. As a result, this will reduce human-related errors furthermore.

Feedbacks are one of the most critical aspects of the user experience. Therefore, multiple
feedback mechanisms are developed in client applications to reduce communication errors.
For example, since image uploading relatively takes more time than the other operations in
the application, a progress bar with percentages is developed (see Figure 5.11). In addition,
success screens are developed to indicate to users that the process is completed (see Figure

5.11).

The most important difference between 1OS and Android processors is that some mobile
phone models provide information other than raw image data during photo capture. For

example, some of the Apple hardware contains LIDAR sensors. Therefore, the iOS client
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Figure 5.11. User application feedback (10S)

uses this hardware advantage and sends extra information to the service, which is the depth
data. This depth information could be used to increase the accuracy of pre-diagnosis. In
addition, depth data is converted to Point Cloud Data format before being transferred to the

server for future updates for other systems.

Lastly, localization is one of the features of the client applications. Applications support
multiple languages to increase usability in multiple regions in the world. In addition,
supporting other languages would be straightforward as adding a new file to the application
language file base. Furthermore, the client applications use operating system APIs to open

the application in users’ preferred language.

5.2.3. Specialist Interface

The specialist interface is a web application whose primary purpose is to enable healthcare
professionals to view patient data and diagnosis the patient based on the provided data. In the
background, this process also improves the system by providing data to improve pre-diagnosis,

which will be detailly discussed in the batch process.
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Patient Information Surgeries
User ID 25 No Surgery
Weight 54 kg
Chronic Diseases
Height 165 cm
BMI 19.83 BMI No Chronic Diseases
Birth Date 9.2.1998
Shoe Size 40 (~25 cm)

Left - Pain With Activity 0

Left - Pain Duration 0
Left - Pain In Night 0
Left - Pain In Morning 0

Right - Pain With Activity 0
Right - Pain Duration 0
Right - Pain In Night 0

Right - Pain In Morning 0

Figure 5.12. Web application patient information

The specialist interface is designed to work in two cycles. In the first cycle, the system
provides essential patient information such as age, foot size, surgeries, and chronic disease,
shown in Figure 5.12. After validating initial information, healthcare professionals can set
key decision-making points in images provided by patients, which will be used to calculate

novel-approved foot indexes.

The second cycle provides calculated results so that healthcare officials can make the final
diagnosis of the patient’s condition. Therefore, applications provide an overview of the
patient information and display decision-making points in images to ensure they are correct
(see Figure 5.13). Healthcare officials can redo the point set or diagnose the patient (see
Figure 5.14). In addition, in case of unusable images, there is an option that asks the user to

re-upload foot pictures.

The web application contains validations to ensure current diagnosis. Thus, the system
ensures that all the critical points are set in the initial cycle. The second cycle provides that

human-related errors are eliminated, such as wrongly placed points.

In addition, The web application also provides helper functionalities to healthcare workers
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Figure 5.13. Web application critical foot points on image

Foot Deformity For Left Foot

Healthy PesPlanus 1  © PesPlanus 2
Undetectable ToDo

Foot Deformity For Right Foot

Healthy Pes Planus 1 Pes Planus 2
Undetectable ToDo

Pes Planus 3 Pes Cavus

© Pes Planus 3 Pes Cavus

Figure 5.14. Web application foot deformity options
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Figure 5.15. Web application critical point assistance

such as critical point assistance and information boxes. For example, the arch height index
requires finding the center of the points therefore the critical point assistance displays (see
Figure 5.15) the center of the points provided by the health professionals. Another example

is that information boxes provide simple reminders about indexes (see Figure 5.16).
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Figure 5.16. Web application information boxes

5.2.4. Services And Batch Process

The application consists of two services: web and client application service. This structure
provides scalability and security. Therefore, one service deals with end-user interactions
and data transmission. At the same time, web service provides healthcare professionals and
batch processes. With this separation, each service is placed in different layers. Therefore,

this makes it possible that only client application services have internet access, increasing
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the web application security by limiting internet access. In addition, this will provide more

hardware-intensive operations (image processing, deep learning) to other physical servers.

Client application services adopt the microservice architecture for scalability and respond
quickly to requirements. Furthermore, to prevent unauthorized access JWT (RFC 7519) is
used. Lastly, all communications have been done by HTTP protocol with an SSL (RFC
6101).

The batch process is the system’s core, where the pre-diagnosis is done. The pre-diagnosis
computation has three main steps: finding the region of interest, image pre-processing, and
detection. Afterward, results are shared with the appropriate application and recorded in the

database. In the following paragraphs, each step is detailly explained.

The initial step requires finding the foot in the image, also called the region of interest (ROI).
Since all the data is collected unsupervised, the foot can be anywhere in the image. Therefore,
roughly locating the foot for detail processing is essential. Deep learning algorithms are
excellent in object recognition, but they require a vast amount of data to achieve this type
of accuracy, so using deep learning algorithms for pre-diagnosis is close to impossible with
the current dataset. As a result, the study uses pre-trained deep learning human detection

algorithms to get a rough location of the foot.

The foot detection rate of the algorithms might not be as accredited as the announced results
because most public datasets contain an entire human body other than a barefoot. Therefore,
multiple deep learning networks such as YOLO, MIDAS, FCN Resnet 101, DeepLabV3 have

been tested in small datasets for best results (see Figure 5.17).

In addition, skin detection algorithms are also tested. Initially, the YCbCr color space-based
skin detection algorithm was applied, but detection results have been unsuccessful in some
lighting conditions. Therefore, the zero-sum game-based skin detection algorithm proposed
by Dahmani et al. [133] is also tested (see Figure 5.17). Overall, the best performance is
achieved by DeepLabV3.

The second step deals with image preparation. After potential barefootis detected, a minimum
area rectangle is calculated because the foot’s location and angle might not be as accurate

as demonstrated in the usage document. Therefore, perspective transformation is applied



Figure 5.17. Deep learning test - DeepLab, FCN, YOLO, Skin, MIDAS (left to right)

Figure 5.18. Batch process minimum bounding box (green line)
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with the minimum area rectangle, eliminating potential angle problems (see Figure 5.18). In
addition, this will move any foot on the image to the left corner of the image, which will ease

the calculations.

Figure 5.19. Batch process perspective transformation

After the perspective transformation (see Figure 5.19), grayscale is required for edge detection
algorithms. Therefore, RGB color space is converted to HSL because HSL has a separate
lightness channel that can be eliminated. After all, lightness is unrelated to foot detection.
The S channel was selected for the grayscale conversation since S performed better than H in

the small dataset.

The final stage includes edge detection and functionalization of the sole. The sobel algorithm
is selected for edge detection with four different approaches with threshold values (see Figure

5.20);
* Applying an absolute gradient with the X direction
* Applying an absolute gradient with the Y direction
* Applying a magnitude gradient
* Applying a directional gradient with an angle threshold

After applying each configuration to the transformed image, results are merged into one with

the algorithm 5.1, which reduces unwanted pixels (see Figure 5.21).
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Figure 5.20. Batch Process - Sobel - Absolute Gradient X, Absolute Gradient Y, Magnitude
Gradient, Directional Gradient - Left To Right

Figure 5.21. Batch process Sobel combined
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Figure 5.22. Batch process polynomial function

After the edges are extracted, polynomial regression is applied to generate the polynomial
function of the solo. In addition, the fifth-order (quintic) polynomial function is selected
to get matching curves of the solo. Furthermore, polynomial regression is applied with

predefined windows(see Figure 5.22) because curve transitions will become smoother.

Algorithm 5.1. Merging Sobel results

ABSx «— AbsoluteGradientX
ABSy <« AbsoluteGradientY
MAG < MagnitudeGradient
DIR « DirectionalGradient
for pixcel € image do
pixcel «— (ABSx & ABSy)or (MAG & DIR)
end for

Critical locations on the foot will be located based on the solo function. For example, the
metatarsal point is based on the solo function’s second increase. In addition, The bottom-left
and bottom-right positions of the foot will be located with the solo function and minimum

bounding box.
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5.2.5. Database

MySQL was selected for the primary database because it provides a high degree of data
integrity. In addition, the following reasons were also considered in selection: the data
structure is not changing frequently, a relatively contains a small amount of data (a small
percentage of users), and most importantly, data require a high degree of data integrity and

security.

The database design (see Figure 5.23) was carried out within the drafts revealed due to the
requirement analysis. In this process, tables were created based on the Normal forms, which
were created to minimize errors and improve designs. Initially, three Normal forms were
considered in the design: the first, second, and third normal forms. After that, fourth and
fifth normal forms (Fifth Normal Form, SNF) were also considered, based on the concepts
of multivalued and join dependencies, respectively. Finally, all the de-normalization forms

were taken into consideration during the database design.

The database was divided into eight major table groups based on usage and connections:
ScanFilelnfo, FootScan, File, Training, DiseaseHistory, User, Survey, and Diagnosis. Those

groups help us understand the concept more clearly (see Figure 5.23).

User table group were explicitly designed for all application users, which includes end-users,
healthcare professionals and admins. Its components consist of patient, foot, foot type, and
gender (see Figure 5.24). In addition, users have had roles that help generalize the table,
such as healthcare specialists or patients. Furthermore, foot type was added for patients with

different conditions, such as a prosthetic foot.

The diagnosis table group focuses on foot diagnosis and detailed calculations methods (see
Figure 5.25). The foot may have multiple diagnoses from multiple healthcare specialists or
the system. In addition, diagnoses calculation details can be recorded, such as the Staheli

arch index.

The ScanFilelnfo, FootScan, File table groups were designed to record patient assets
according to the examination type (see Figure 5.26). FootScan records examination type

such as Foot Deformity or Rom Measurement. Each examination can have unlimited images



Figure 5.23. General view of database

Figure 5.24. Database user group table
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FootDiagnosis
DiagnosisType

DiagnosisCalculationType

Figure 5.25. Database diagnosis group table

recorded in the ScanFiles table with a type such as Bottom, Back Side. Each image might
have essential locations recorded in the ScanFileLocation table, such as the side thumb. In
addition, file information such as file system locations is recorded in the File table, and each

file contains a file type for processing.

Survey and Training table groups are used for the feedback and healing after deformities
are detected. Those tables help the healthcare professionals track the patients’ activities. In
addition, the DiseaseHistory table group is used to record the previous diseases and surgeries

of the patients.

5.3. TEST AND EVALUATION

In this section, the test and evaluation process of the prototype system, which was explained

in detail in the previous sections, will be discussed.

In the first study, the test data were collected through mobile applications without any
supervision. Therefore some of the data collected were not usable in the test and evaluation
process. In addition, the data was mainly collected on the Yeditepe university students, which

is a diverse population, and participants were provided with the how-to-use document.



Figure 5.26. Database files group
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The prototype was used by 34 participants, where 12 (35.29 percent) of them were female,

and the remaining 22 (64,71 percent) were male, with an average age of 24 (see Table 5.1 for

details). Data that were provided by participants were stored in an online database which is

described in section 5.1.

Table 5.1. Participant statistics in study I

Age | Weight | Height | BMI

Avarage | 24.06 | 75.15 | 173.18 | 24.91
Max 48 120 186 | 37.04
Min 21 50 160 | 18.14

The average BMI in the population was calculated as 24.9. As seen in Figure 5.27, at least

one person from each BMI category participated in the study. Therefore, this will provide

sufficient data for projection.

The data collected from the users included 68 photos, 61 of them were used, but 7 of them

were unusable because they were taken incorrectly. In addition, data collection was done in

an unsupervised manner which caused seven unusable photos. All the data provided by the
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Participants BMI Type Distribution
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Healthy Weight Overweight Underweight Obesity

Count of BMI Type

Figure 5.27. Participants BMI type distribution based on CDC in study I

participants were shared with a physician through the specialist interface, which is described
in sub-section 5.2.3. The physician went through all the system data and recorded critical

points to the system.

Critical Point Results
80

50
40

30

20
10 I
; [ ™ l - [ |

Staheli Chippaux-Smirak Clarkes Angle Rearfoot Angle Arch Hight

mNeormal mPesCavus = PesPlanus

Figure 5.28. Critical point results on study I

After the physician results were collected, index calculations were conducted (see Figure
5.28). Even with specialists’ critical points, the results vary based on the index type. However,
even if the reference points vary, approaching specialists’ results will reveal the system’s
usability. Therefore, the initial study has been investigating the system set critical points, and

the specialist set critical point differences.

Initial results showed that the findings of the specialist and the system were 91.80 percent

matched. Even though these results showed great promise, this comparison was based on
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Figure 5.29. Index error normal distribution in study I

the class of the foot. Therefore, a more quantitative approach was necessary to asset the
conducted test was accurate. Since automated algorithm critical points are not directly
comparable with the specialist critical points (the pre-diagnosis algorithm transforms the

images), point intermediate and resulting findings were compared.

Length Error Normal Distribution
0.8

0.6

0.4

Length NormDist

0.2

0.0 =
-200.00% -100.00% 0.00% 100.00%

Length Error

Figure 5.30. Length error normal distribution in study I

Therefore, the system index errors were calculated, and normal distribution was piloted (see
Figure 5.29). The results showed that most of the normal distribution of the index error
was within a small error range. On the other hand, it has been observed that there are also
outliers with significant error rates. These errors were primarily due to human errors, such

as misplaced critical points or photos taken from the wrong angle.

In addition, length error was also calculated to see the effect of the perspective transformation



60

in error calculation (see Figure 5.30). Even though those results showed similar results to
index error, outliers were increased. This error increase was partially due to a perspective

transformation of the images.
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6. STUDY II - BACK SIDE DIAGNOSIS

In this chapter, an overview of the new pre-diagnosis (i.e., diagnosis based on back side of
the foot) will be discussed—this system is based on achilles tendon. Accordingly, general
system analysis and design decisions will be addressed in Section 6.1. Then, specifics
of implementation will be reviewed in Section 6.2, and finally, the initial test results and

evaluation phase will be discussed in Section 6.3
6.1. ANALYSIS AND DESIGN

In this section, the basic structures of the system discussed in Chapter 5 have not been changed
while analyzing and designing. In addition, this chapter was profoundly focused on the small
changes made to the system. Changes in requirements and design decisions will be discussed

in this section.

As discussed in Section 5.3, lack of supervision causes data to be unusable and unstable test
environments. Therefore, the system should be used by healthcare officials or supervised

while used by participants.

mage Plocessing

I
.1_
=
CDMN Server

“®
Camera Module
— Mobile Device  Health Worker User

«— Main Server
——

Database

Figure 6.1. Architecture diagram of the updated system

Index results of healthcare professionals may conflict with each other due to remote image
evaluations, which are discussed in Section 5.3. Therefore, healthcare professionals’
diagnosis results should be added after examinations to assess the diagnosis correctly. The

general structure of the converted system can be seen in Figure 6.1.
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6.1.1. Prediction And Fine Tune Module

The prediction module consists of end-user interactions and pre-diagnosis. However, for
improving results and getting more accurate test results, pre-diagnosis should be disabled

since healthcare professionals will guide the participants.

Another module, the fine-tune module, consists of background procedures and healthcare
professionals’ interactions. Also, the healthcare interaction module will not be used in this
module since all deformities will be diagnosed on examination, and results will be entered

by mobile applications. In the following paragraphs, details of the changes will be discussed.

End-user interactions on the prediction module should be updated to be usable by the
healthcare professionals for supervised data collection. The same application flow should be
protected except for minor modifications. For example, healthcare professionals should be

able to enter the diagnosis results of the patients into the application.

In the needs analysis, the importance of the Achilles tendon in the diagnosis process was
discussed with the health professionals, and therefore it was decided to base the Achilles

tendon in the automated index calculation process.

6.1.2. Index Calculation

The pre-diagnosis, the system’s underlying structure, which reduces the workload of
healthcare professionals, should be updated to include rearfoot angle. The rearfoot angle

is a very suitable index calculation method since it is based on the Achilles tendon.

Therefore, photographs of the back of the foot should be taken, and the rearfoot angle
calculations should be made. These photos must include the calf and up to the foot’s heel. In

addition, legs should be centered for more accurate calculations.
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6.2. IMPLEMENTATION

This section discusses the implementation details and decisions of the second study. The
section focuses on changes to the modules previously discussed in section 5. A more detailed
explanation of changes is provided by dividing it into subsections: end-user application and

services and batch process.

6.2.1. End-User Application

In this section, there was no significant change in the end-user application, only minor changes
have been made to improve usability. Since users are not directly using the application, some
user identification options are removed, such as phone numbers. In addition, some of the

optional fields for students are also removed, such as student numbers (see Figure 6.2).

10:07 all T @m)

< Ard Ayak User Information

Name Test
Surname Test
E-Mail test@kaan.com
Password

Birth Date 19 Dec 1975
Weight 50 kg
Height 180 cm
Gender (- 2

| Agree Consent Form Q
Have you had any injuries / trauma / D
surgery in the past 3 months? <

IN WHICH PART OF OUR BODY DID YOU EXPERIENCE
INJURY / TRAUMA [ SURGERY?

Foot - Ankle
Knee

Hip

& OO

Other

Figure 6.2. Minor changes in end-user application in Study I
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In addition to compliance with requirements analysis, some minor bugs such as default
values and crashes have been fixed, and diagnostic results have been collected as if healthcare

professionals had entered them, not as if they were taken from the patient.

6.2.2. Services And Batch Process

In this section, no major changes were made to the services, except for minor adjustments and
bug fixes. For the different index calculations in the automated process, most of the changes

were conducted in the batch process. All these changes were explained in detail below.

One of the most significant service adjustments was made in the API. Diagnosis by option
was added, which were recorded in different fields in the database (see Section 5.2.5 for

details). In addition, user type control was added to prevent misconfiguration.

Figure 6.3. Region of interest results in Study II

The batch process calculation was redesigned from the ground up. First, the image types
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were differentiated so that the correct images were processed with the correct index types.
Therefore, the foot-side type (see Section 5.2.5 for details) was used to differentiate in the

scan file (i.e., in the image).

After the correctimage selection, the detection of the foot and leg is very important. Therefore,
deep learning algorithms are applied to find the region of interest. In this study, DeepLabV3
was used to detect the region of interest, based on the experience obtained in Section 5.2.4

(see Figure 6.3).

Following the region of interest detection, critical points were detected. There are four critical
points in rearfoot angle calculation (see Section for details 4.1). Each point requires specific
points to be detected in the leg. In addition, each point is very close to the midpoint of the

leg (see Figure 6.4).

Figure 6.4. Calculated critical points for rearfoot angle (red dots)

The first point base of the calcaneus is calculated based on the region of interest. Processing

is started from the bottom of the image, where the initial region is detected, wideness of the
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foot area is recorded. In case of the region of interest errors, the processing is continued
until 30 percent of the image width from the initial region detection. If new wideness is
more significant than 50 percent of the initial detection, new area wideness is considered the

calcaneus’s base.

The second point determination is based on the assumption that the ankle is the thinnest area
in the leg. Therefore, the narrowing of the leg is sought, following the first point discovery.
After this region is found, the point that is 5 percent below the region of interest is considered
as the second breakpoint. In addition, the third point had a similar discovery process. The

only difference is that the third point is 5 percent up by the region of interest

The fourth point corresponds to the narrowing point of the calf. Therefore, after the third

point was found, narrowing was sought in the region.

6.3. TEST AND EVALUATION

In this section, the test and evaluation process of the prototype system, which is explained in

detail in the previous sections, will be discussed.

Table 6.1. Participant statistics in study 1I

Age | Weight | Height | BMI
Avarage | 22.67 | 70.89 | 173.11 | 23.24
Max 29 100 190 | 30.19
Min 21 50 159 19.05

In the second study, test data are collected through mobile applications under the supervision
of healthcare professionals. Therefore, the collected data are evaluated before the procedure.
In addition, a document describing how to use the application was given to the healthcare

professionals.

The prototype was used by 9 participants, where 3 (33.33 percent) of them were female, and
the remaining 6 (66,67 percent) were male, with an average age of 22.6 (see Table 6.1 for

details). Data was stored in an online database which is described in section 5.1.

BMI is critical as most index calculations are based on the ratio to eliminate the effects of
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Figure 6.5. Participants BMI type distribution based on CDC in study II

weight. Population’s average BMI is 23.2 (healthy weight), (see Figure 6.5). Therefore, this

might not provide sufficient data for projection in different wight scales.

All 18 photos collected in the application were used because during the collection of photos
all users are supervised by healthcare professionals. In addition, deformety types of the users
were validated in the examination by healthcare professionals before sended to the system

(see Figure 6.6).

Count of Deformity Type Distribution

Fes Flanus Fes Cavus

Count of Deformity Type

Figure 6.6. Foot deformity type distribution in study II

After the data collection, automated index calculations are conducted. Initial results showed
that the findings of the healthcare officials and the system were 27,7 percent matched. This
low performance may be caused by multiple factors such as image angle, color disorientation,

assumptions in point location determination. However, it was thought that the biggest effect
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in the evaluations was the sensitivity of the Rear foot angle to the calculation error. Because
this calculation only determines the deformity according to a difference of 5 degrees. It is
very difficult to detect this 5 degree difference in the photos taken via the mobile application

(see Figure 6.7).
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Figure 6.7. Rear foot angle vs foot deformity in automated process results
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7. STUDY III - INNER SIDE DIAGNOSIS IMPROVEMENT

This chapter is focused on arch high index calculation improvements with the data provided
in Chapter 6. In this study, analysis and design decisions in Section 7.1, specifics of
implementation in Section 7.2, and initial test findings and evaluation phase in Section

7.3 will be discussed.

7.1. ANALYSIS AND DESIGN

Preliminary detection of potential pes planus and pes cavus patients will be provided based on
the inner side photographs of the foot. This system will be based on the initial implementation
of the arch height index calculation discussed in Chapter 5. In addition, this chapter

profoundly focuses on improving the batch process on pre-diagnosis.

Three major fallbacks of the initial design are discovered in the test end evaluation of the

process. All the fallbacks and potential solutions were discussed in the following paragraphs.

The first fallback is the differences between the line of the sole and the symmetry of the foot
sole function. These differences should be reduced, and the foot function’s sole should be

more accurate.

The second fallback is that the bottom of the images contains a lot of noise in edge detection.
By eliminating these noises, the accuracy of the foot sole function should be increased. The
greedy approach could be used to improve accuracy with a relatively less computational

resource.

The third fallback is that there is no error detection mechanism to reduce the error. Therefore,
the function of the foot sole should not only be used for point detection but also for detecting
the slope of the foot. As aresult, this feature extraction should be used for detecting anomalies

so that the results can be corrected.
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7.2. IMPLEMENTATION

Implementation details of the changes in the batch process will be discussed separately in

this section.

The first fallback is the accuracy of the foot sole function. The foot sole function calculation
was designed to reduce the sudden slope changes to the function because there might be an
error in edge detection. Increasing the predefined windows, where polynomial regression is

applied, will improve the function’s response to changes (see Figure 7.1).

Figure 7.1. Accuracy improvement with polynomial regression window in study III

The second fallback is that the edge images contain noise. Since the bottom of the image
edge points changes according to the floor decoration (carpet, faience etc.), removing the
edge points of the floor will significantly improve the accuracy of the foot sole function.

Since there is no edge point across the foot surface, greedy approach was used to removing
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Figure 7.2. Greedy noise reduce improvement in study I1I

the bottom edge points (see Figure 7.2). In addition, removing 80 percent of the dots in each

row was resulted in the best accuracy in the tests.

Figure 7.3. Slope calculation for error detection mechanism in study III

The final fallback is the lack of an error detection mechanism. If the slope is higher than a
certain rate, it is an indication of pes cavus. Likewise, the same assumption can be made for
the low slope. Therefore, with the improved foot sole function, error detection mechanism
was obtained by calculating the slope of the function at certain positions. Error detection
mechanism was implemented by taking two points on the foot; as the heel’s peak and the foot

space in the center (see Figure 7.3).

7.3. TEST AND EVALUATION

In this section, the testing and evaluation process of the prototype system, which is explained
in detail in the previous sections, will be discussed. There is no data collection part in this
study; the data discussed in Section 6.3 were used. Therefore, data collection and data details

will be skipped.

The findings of the healthcare officials and the system were matched 83,3 percent
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Figure 7.4. Foot deformity distribution in automated process results in study 111

of the time (see Figure 7.4). One pes planus and two pes cavus mismatch in
detection are recorded. Inner side diagnosis improvements were very promising
(see Figure 7.5). However, the test population was not diverse. Therefore

the system should be tested on a larger population to get more accurate results.
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Figure 7.5. Foot deformity and calculated slope in automated process results in Study III
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8. CONCLUSIONS AND FUTURE WORK

This research aims to develop a mobile pre-diagnostic platform that will assists healthcare
professionals in remotely classifying and evaluating possible patients with foot deformities
that is namely pes cavus and pes planus. For this purpose, three studies were conducted to
accurately detect pes planus and pes cavus. The first of these studis, unlike other studies, was

conducted remotely and unsupervised, so the data are not used together with other studies.

The first study focused on the general flow and requirements of the system, and the detection
of foot deformation was tested by remotely receiving and processing data throughout the
study. Foot deformity determination was made according to the arch height index. Study
results have been verified with data provided remotely by the expert. Although the initial
research results were positive and resulted in high accuracy, it cannot be said that a guaranteed
conclusion was reached about the first study results since the physician made the control with
the data provided by the users and did not detect the foot deformation through physical
examination. This study showed that pes planus and pes cavus detection is possible using
mobile applications. Therefore, second study was conducted to verify the first study’s results

by performing deformity detection under the supervision of healthcare professionals.

The second study focused on the acquisition of examination data and results of rearfoot angle
based foot deformity detection algorithm. In this study, mobile applications were used by
healthcare professionals and not by end users, to obtain supervised data. Some infrastructure
changes were made to enable healthcare professionals to use the system as end-user, and as
a result, more accurate data was collected. The second study shows that using a rearfoot
angle based foot deformity detection algorithm was not possible for mobile based detection
because the pre-diagnosis algorithm was susceptible to degree changes in the critical points
lines (5 degrees). Therefore, third study was conducted to verify and improve the arch height

index algorithm

The third study focused on improving foot deformity detection. Throughout this study, the
data collected by the healthcare professionals in the second study and the detection method
in the first study were used. In this study, the results are significantly improved compared

to the second study, while reducing the shortcomings of the arch height index introduced in
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the first study. The third study showed that pre-diagnose pes planus and pes cavus through a

mobile phone application using image processing and deep neural networks is possible.

When the results of 3 studies are examined, the first study gives the best result with a success
rate of 91.80 percent, but since the first study data were not obtained in a supervised manner,
it cannot be compared with other studies. The success rates of the second and third studies
are 27.7 percent and 83.3 percent, respectively. Accordingly, the results of the second study

reveal the importance of selecting the correct index method for pre-diagnosis.

Although test trials were conducted in various populations, tests were carried out with
limited participants, especially in the second and third studies. Therefore, the results in larger

populations may be different.

Many different adaptations, experiments and studies could be done in the future. These
are, first, that better results can be achieved by collecting more data and moving manual
feature extraction to deep learning exercises, and secondly, problems in data collection can be
eliminated by placing various controls in end-user applications and finally, the development
of detection algorithms based on other pes planus and pes cavus diagnostic methods accepted

in the literature.
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