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Abstract

This thesis introduces new perspective of addressing skull sex determi-

nation by investigating the possibility of using computer vision based

solutions for sex determination from skull data, and developing new

algorithms tailored for mitigating the underlying problems experienced

in the conventional forensic sex determination methods.

First, this thesis proposes the use of state-of-the-art 3D local shape

descriptors to derive patch based representations from the skull. This

is achieved by geometrically partitioning the skull into local regions,

and aggregating the features from the regions into compact representa-

tion, which summarize the regional shape properties. Several rigorous

experiments are conducted using this approach, and the results show

that the proposed patch based representation is comparable to conven-

tional forensic methods with a sex prediction rate of 86%. Traditional

morphometric analysis on the same dataset produced prediction rate

of 86.4%, while PCA/LDA based method produced prediction rate of

75% which indicates that the proposed patch based representation is

competitive and an effective method of sex determination.

Second, this thesis proposes a new approach of partitioning the skull

into pseudo-anatomical regions, which is reminiscent of the anatomical

regions commonly examined in forensic morphological assessment. In

order to achieve this, the skull samples are registered to establish cor-

respondence across the dataset using an improved version of coherent

point drift (CPD) algorithm named Ensemble CPD. The correspon-

dence established is exploited to partition the skulls using Fuzzy cmean

(FCM) into regions which share visual resemblance with the anatomical

regions in forensic morphological assessment. Further, 3D local shape

descriptors are computed from each region, aggregated into compact

representation, and eventually used for sex determination. The best

result in this experimental evaluation is 86.5% which is also compara-

ble to conventional forensic methods.



Finally, this thesis proposes two group variable selection algorithms

which are (1) novel group regression model for manifold data and (2)

novel group regression model for manifold data with split augmented

lagrangian algorithm, for automatically discovering discriminant (im-

portant) skull regions. The main objective of these methods is to prune

out the salient regions of the skull that contribute positively to sex pre-

diction performance. Forensic methods have demonstrated that some

anatomical parts are more sexually dimorphic than others, however

such analysis is performed using stepwise variable selection. Thus, this

thesis introduces new techniques for automatically learning such infor-

mation directly from the data. The best result in this experiment is

84.5% which is comparable to conventional forensic methods.
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Chapter 1

Introduction

1.1 Introduction

”We shall not cease from exploration. And the end
of all our exploring will be to arrive where we
started and know the place for the first time.”

Thomas Stearns Eliot

Estimation of demographic information such as sex, age, and ancestry from

human skeletal remains, particularly the skull region is a challenging task which

has attracted significant amount of interest in the forensic anthropology research

community. This form of identification, otherwise regarded as a circumstantial

identification is crucial in analysing the biological profile to build a comprehensive

statistical distribution of the victims involved in tragic event, or used as support-

ing information in forensic investigation. Through decades of rigorous scientific

research, forensic anthropologists have developed substantial understanding of the

anatomical regions that contribute to skull demographic estimation. A forensic ex-

pert who is well experienced in the anatomical variation in a particular population

can confidently predict the age, sex, and ancestry of an unknown skull. However,

the prediction can deteriorate rapidly with high statistical significance when as-

sessing skulls from a different population. Such discrepancies can be attributed

to the predominant effect of subjectivity of the human observer on the perceived

variation in the traits. Moreover, annotation of anatomical traits and/or sites of

the skull requires immense precision and accuracy which is time consuming and

necessitates sound domain knowledge.

This thesis introduces a novel conceptual approach where the interest is to in-

vestigate the possibility of using robust local feature representations and machine

learning predictive models that have gained prominence in computer vision research
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domain for sex determination from human skull. The research provides enlighten-

ment on, how and the extent to which, such descriptors and predictive models can

be used for sex estimation. Though, local descriptors have been demonstrated to

be effective in providing demographic estimates from 2D and 3D facial data, their

exploits on 3D skull data which has no textural skin properties and primary facial

attributes such as eyes, eyebrow, nose, ear, and mouth is yet to be investigated.

Despite the fact that such feature descriptors do not explicitly describe specific

anatomical details, as in the case of conventional forensics, they implicitly embed

local representations which consider the relative local topological relationship of

points in a 2D manifold space (i.e surface). Likewise, few research works in forensic

analysis have exhibited the potential of using predictive models to determine the

class of a given skull. However, these are only limited to determination of sex class

from the pre-allocated skull landmark configurations.

On the one hand, this research analyses how these local descriptors can be

automatically extracted, compactly represented, and learned for predicting sex

from 3D skull data. On the other hand, it demonstrates how local skull regions,

which contribute to the performance of sex determination, can be automatically

discovered through learning process. This introductory chapter details a brief

general overview of the background studies and the main motivation for embarking

on this research. It points out the research questions, objectives of the study and

the research contributions. In the subsequent parts of this thesis, the following

terms are used interchangeably: sex and gender, because in forensic anthropology

the term: sex is typically used in the literature, while computer vision experts refer

to it as gender.

1.2 Background

Identification of human skeletal remains after occurrence of natural disaster or

tragic event of some sort, is highly important in forensic science and anthropology

(Scheuer, 2002). Though, forensic experts would examine the retrieved remains

through traditional methods such as DNA analysis and dental examination, a

substantial amount of victims still remain unidentifiable. In a number of cases,

approximating the possible identity of a person through computer aided concepts

such as three dimensional (3D) facial reconstruction or superimposition is usu-

ally resorted to, especially when no other identification evidence can be obtained

with traditional methods (Aulsebrook et al., 1995; Ibáñez et al., 2015). Despite

that, it has been strongly advised that facial reconstruction should be restricted
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to excluding identity if gross incompatibilities are present (Cattaneo, 2007). Al-

ternatively, forensic experts may seek to build the statistical background profile

(conceptually referred to as osteobiography) of humans by assessing the sustained

skeletal remains. From the literature, the highly regarded biological information

worth documenting include sex, age, and ancestry (Casado, 2017; Giurazza et al.,

2012; Popa et al., 2009; Schmitt et al., 2006). Though these traits can not confirm

a positive identification of the skeletal remains, they provide a detailed categoriza-

tion of the subjects. For instance, when the sex of a skeletal sample is determined

with high confidence, half of the entire database can be excluded, which can be

further simplified by estimating the age and ancestry. These human demographic

characteristics have a long dated history in forensic anthropology, and skeletal re-

gions such as pelvis, limbs, skull, and mandible have been thoroughly investigated

in previous studies. In this study, the focus is placed on determining sex from the

skull region, because it is the most retained part after body decomposition.

1.3 Motivation

Forensic experts have developed various techniques for estimating sex from human

skull. Technically, the estimation process involves morphological assessment and

morphometric analysis of skeletal sites. These two approaches concentrate on spe-

cific anatomical locations of the skull. For instance, morphological methods provide

verbal descriptions of anatomical regions before quantifying the descriptions in an

ordinal scale, while morphometrics involves linear or geometric measurements of

anatomical landmarks. Both techniques eventually adopt discriminant function

analysis to attain the demographic prediction. While these techniques appear very

simplistic and only make use of discrete amount of traits, they are quite effective

in providing solutions to identification of skeletal remains. Moreover, the concepts

have been established on well grounded principles and universally agreed on, to be

used as evidence in court cases and forensic investigation. However, it is essential

to mention that these techniques possess several limitations. First is the influ-

ence of observer subjectivity on the confidence of prediction. Since morphological

assessment involves verbal descriptions, it naturally implies that humans would

exhibit differing conclusion in their visual perception. This influence has been well

reported in previous studies as inter-observer variability, especially when forensic

expert make prediction on skull samples they are unfamiliar with (Bigoni et al.,

2010; Lewis and Garvin, 2016). Likewise, inter-observer variability is inherent

when observers select landmarks in the case of morphometric analysis. Further-

more, this influence of population difference affects the accuracy and precision of
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the traits used for identification. As a result, an estimation method used in a spe-

cific population may not generalize to other populations. Second is the problem

of annotation time required for accurate landmark selection from anatomical re-

gions of the skull. Besides, it often requires expensive, specialized anthropometric

equipment. In addition forensic experts usually face the challenge of performing

measurements that capture subtle variations among cranial traits that are easy to

see but very difficult to measure (Walker, 2008). These aforementioned limitations

are the core motivations for this study. It is hoped through automatic feature

extraction and learning of compact, discriminant features, the representation gap

between humans and cranial traits can be bridged. In essence, the effect of subjec-

tivity in visually assessed traits and incompleteness of anatomical landmarks can

be eliminated, as well as minimizing the time required for estimation. To further

buttress the points, these limitations are well elaborated in chapter 2 by reviewing

the previous related works.

1.4 Research Questions

The following research questions are posed in this thesis:

• Can local feature representation methods be utilized for sex esti-

mation from skull data? This question is pertinent to the essence of this

research. Unlike facial image (either 2D or 3D), where skin texture and the

shape of the eyes, eyebrow, nose, and mouth can distinguish two faces, the

skull generally has very little distinctive information, which fundamentally

requires the knowledge of a forensic expert to discern. It will be important to

understand how 3D local descriptors can capture these subtle information.

• How can these local descriptors be used to provide meaningful and

comprehensive representations? Due to the complex structural config-

uration of 3D models, descriptions from different skull samples may share

similar feature values, which make them less distinctive for distinguishing

between the two classes. Hence, it will be essential to derive techniques for

connoting comprehensive yet compact representations of the local feature,

which makes them more discriminant.

• Are certain regions of the skull more important than others? While

finding methods to represent the local skull regions in a discriminant form,

it will be interesting to investigate whether the entire skull is needed for

sex determination or some local skull regions possess better discriminant

capabilities than others.
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Finding solution to these questions is a compelling premise to this work, to in-

vestigate the possibility of bridging the representation gap between conventional

forensic anthropologist methods and cranial traits. Its conformity to forensic stan-

dards would make the research more useful in forensic examinations.

1.5 Objectives and Scope

The overall aim of this research is to investigate and develop computational meth-

ods for skull sex determination composing of several sub-processes of 3D pre-

processing, 3D feature representation, skull region learning, sex class prediction

based on machine learning predictive models. This requires conducting an in-depth

investigation on how local regions of the skull can be compactly, yet comprehen-

sively represented and learned. Further, it needs deep understanding of which local

features contribute positively to the sex determination problem. To achieve this,

the following objectives are to be attained:

• To evaluate the state-of-the-art patch based 3D shape descriptors on sex

identification of 3D skulls. The use of local descriptors extracted on 3D ob-

jects have been demonstrated in the aspects of face and object recognition.

However, there are no studies reporting the potential of these descriptors on

3D skull, which possesses no textural properties unlike face and arbitrary

3D objects. Thus, the first objective of this research is to demonstrate this

possibility by forming patch based representations of the skull with 3D de-

scriptors for sex identification and performing comparative assessment of the

representations derived from different patches.

• To propose alternative patch based representations that are reminiscent of

anatomical regions on skulls and their application to sex identification of

3D skulls. The second objective of this research is concerned with inves-

tigating the possibility of forming representations which take into account

the dynamism of the geometric structure of the skull. The aim is to propose

computational approach for representing the anatomical shape of the skull as

patches with 3D local descriptors. Under this approach, is the introduction

of an automatic technique of partitioning the skull anatomically, which serves

as an alternative to the manually segmented skull regions under conventional

morphological assessment.

• To propose a feature selection method that can select patches (regions) remi-

niscent of important anatomical structures for sex identification of 3D skulls.
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The third objective of this thesis is to introduce the possibility of automat-

ically determining the crucial skull regions which influence prediction per-

formance based on the concept of group variable selection. This follows the

convention demonstrated in standard forensic analysis that combination of

a set of skull regions are usually enough for prediction and the entire skull

may not be necessary for prediction.

• To evaluate and compare the proposed methods with traditional techniques

in forensic anthropology. In order to justify the proposed methods, the fi-

nal objective of this thesis is to compare the performance with traditional

morphometric analysis and statistical analysis based approaches.

1.6 Thesis Contributions

The focus of thesis is to investigate the suitability of computer vision based so-

lutions for sex identification, which offer a different perspective of mitigating the

subjectivity experienced when morphological assessments are used, and to provide

an alternative to morphometrics, which naturally requires a lot of computational

or human effort to find very precise landmark points. Also, to investigate how im-

portant local skull regions can be automatically determined based on their impact

on identification results. As a result, the main contributions of the thesis can be

summarized as follows:

• The thesis completed a thorough analysis on a number of popular computer

vision based solutions on skull data and confirmed that it is possible to

employ such solutions with refinement to perform sex identification from

3D skull data. The analysis is performed by using 3D local descriptors to

form patch based representation of the skull obtained through geometric

partitioning.

• A new approach for partitioning the skull into pseudo-anatomical regions

based on fuzzy cmeans (FCM) is introduced, which is reminiscent of the

anatomical regions in conventional forensic morphological assessment. Un-

der this method, a registration method named Ensemble coherent point drift

(Ensemble CPD) is proposed which improves the standard CPD algorithm,

most especially in terms of computational cost and time. The algorithm is

used to establish correspondence across the entire dataset and aid propaga-

tion of the locations of partitioned skull regions across the entire dataset.

Eventually the pseudo-anatomical regions are used for sex determination of

the 3D skulls.
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• Two novel algorithms: (1) Novel Group Regression Model for Manifold Data

and (2) Novel Group Regression Model for Manifold Data with Split Aug-

mented Lagrangian Algorithm, which are based on the concept of group

variable selection are proposed for automatically learning and discovering

discriminant skull regions. The aim of these techniques is to prune out the

discriminant subset of features that contribute positively to sex prediction

problem from large set of features extracted from the skull. The algorithms

improve on the standard group least absolute shrinkage and selection op-

erator (LASSO) in terms of consistency of the selected skull regions and

classification accuracy.

Methods that are similar to the proposed computer vision based solutions for sex

identification are quite limited in the literature. A thorough search of relevant

literature provided only one related work, which is the technique proposed by

Luo et al. (2013a). However, the method mainly addressed the skull globally

using statistical representation of the skull without focusing on the local details.

Moreover, the 3D skull data used in the analysis is population specific.

1.7 Publications

The following are the papers resulting from the research presented in this thesis,

which have been published, submitted, or under review:

• Arigbabu O.A., Iman Y.L., Abdullah N., Helmee M. Can Computer Vision

Techniques be Applied to Automated Forensic Examinations? A Study on

Sex Identification from Human Skulls Using Head CT Scans. In: Lai SH.,

Lepetit V., Nishino K., Sato Y. (eds) Asian Conference on Computer Vision

(ACCV). Lecture Notes in Computer Science, vol 10114, pp 342-359, 2016.

(Published)

• Arigbabu O.A., Iman Y.L., Abdullah N., Helmee M. (2017). Computer vision

methods for cranial sex estimation. IPSJ Transactions on Computer Vision

and Applications, 9 (1),19 (Published)

• Arigbabu O.A., Iman Y.L., Abdullah N., Helmee M. Novel Group Variable

Selection for Salient Skull Region Selection and Sex Determination. In: Ren

J. et al. (eds) Advances in Brain Inspired Cognitive Systems. (BICS). Lec-

ture Notes in Computer Science, vol 10989, pp 248-259, 2018 (Published)
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• The Role of Group Variable Selection on Learning Important Skull Regions

for Cranial Sex Estimation - Pattern Analysis and Applications (To Be Sub-

mitted)
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Chapter 2

Literature Review

”If I have seen further, it is by standing upon the
shoulders of giants”

Sir. Isaac Newton

This chapter provides a review of literature on the advances in sex estima-

tion, both from the perspective of forensic anthropology and computer vision. The

chapter begins with a detailed discussion of the conventional forensic scientists’

approach to prediction of sex. Then, the classic and recent advances from the

perspective of computer vision scientists are pointed out. Furthermore, the best

performing techniques in each research domain in terms of the reported prediction

results are highlighted. Finally, a discussion on the differences and shared similar-

ities between the two domains is performed, and the possible ideology that could

be established to integrate the two differing research domains is provided.

2.1 Cranial Sex Estimation in Forensic Anthropology

The use of pelvic region of human skeletal remains has often been studied by

forensic experts to extract information about sex (Bidmos et al., 2010; Zech et al.,

2012). This is due to their confidence in attaining reliable prediction, since the

pelvic region shows clear morphological characteristics as a result of the functional

demand of childbirth. However, there are a number of cases where the complete

skeleton can not be retrieved due to the degree of damage caused to the subject

or as a result of decomposition. The human skull has gained more attention in

forensics and regarded as the second best indicator of sex (Spradley and Jantz,

2011). Moreover, in a high number of situations, the complete skull is usually

available and it contains hard tissue whose sexually dimorphic characteristics can

be preserved using suitable methods. Besides, it has been shown that the cran-

iofacial region possesses some discriminant characteristics that can differentiate
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between individuals (Ramsthaler et al., 2010, 2007). The mandible of the cranial

is another region which has been independently studied by forensic anthropolo-

gists for sex estimation (Giles, 1964; Steyn and Ican, 1998). The examination of

the mandible alone, however necessitate detaching the dental part from the cranial

(Dong et al., 2015). Since this thesis does not focus specifically on the mandible

due to the computational effort required to segment the region from the cranial,

this chapter strictly concentrates on the literature reporting on the holistic use of

the skull region for sex estimation. For the sake of simplicity, the case of mandible

and cranial is literally analogous to iris and face biometric recognition, where there

is a large body of research studying iris independently, yet the eye region is still

predominantly present when a face image is analysed for face recognition purpose.

In forensics, both morphological and morphometric discriminant approaches

are usually taken into consideration when assessing the cranial region (Franklin

et al., 2012; Lo and Chen, 2003; Zech et al., 2012). In morphological assessment

based methods, the analysts use their subjective perception (guided by their wide

experience in the differences between male and female morphological variations)

to identify sex from the skull, while measurement based or morphometric anal-

ysis method basically involves calculation of the geometric difference between a

predefined set of landmark points.

2.1.1 Approaches based on Morphological Assessment

Morphological assessment is performed by visually making subjective inference on

skull parts and determining their suitability in prediction of sex. A number of

cranial traits such as orbital shape, frontal and parietal eminences, the slope of

the forehead, and mandibular gonial eversion have been studied for sex determi-

nation. Earlier works in this aspect had relied solely on anecdotal comments by

forensic anthropologists such as Hrdlička (1939) and (Comas, 1960), until the em-

pirical study conducted by (Krogman (1962); Stewart (1979) ref. in (Konigsberg

and Hens, 1998)). Krogman (1962) assessed 750 skeletal remains and claimed an

estimation of 92% using skull alone. Stewart performed similar experiment with

an estimate of 77%. However, it is worth noting that Krogman later stated that

there was a bias in the sample distribution with a ratio of 15:1 for male. As such

on an evenly distributed sample size the result could have reduced by 5-10%.

In the 90’s, 5 main regions of the skull have been thoroughly studied and stan-

dardized on a 5-point ordinal scale to aid quantification of the sexually dimorphic

traits that can be visually assessed (Buikstra and Ubelaker., 1994). These traits

are the robusticity of the nuchal crest, size of the mastoid process, sharpness of the
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supraorbital margin, prominence of the glabella, and the projection of the mental

eminence. Generally to determine sex from a cranium, the traits are assessed and

judged based on their similarity to the visual description provided in (Buikstra and

Ubelaker., 1994), as shown in Fig.2.1.

Figure 2.1: Standardized scale and diagram for scoring cranial traits (Buikstra and
Ubelaker., 1994)

These ordinal scales from 1 to 5 can be interpreted as a range from ”male” -

”probable male” - ”indeterminate” - ”probable female” - ”female”. Although, the

diagram has been used as a reference for assessing sexual dimorphism, there was

no explanation by forensic anthropologists to justify the criteria for selecting these

recommended traits and more importantly the visual descriptions used to explain
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the traits are not comprehensive enough (Rogers, 1991). In his research, Rogers

(1991) showed that variability exists in the number of traits, and visual descrip-

tions used to explain those traits by studying 17 commonly used dimorphic traits.

From the study, the author was unable to establish the criteria used by forensic

anthropologists to make conclusion on the sex determinants due to unavailability

of data on precision and accuracy of each trait.

Konigsberg and Hens (1998) visually assessed these 5 traits on a dataset of

138 samples using ordinal scoring of the traits. Motivated by the 5-points scale

recommended in (Buikstra and Ubelaker., 1994), the authors collapsed the scale to

3-points to place the traits into 3 categories after being assessed by two different

observers. For prediction, both logistic regression and probit models were adopted,

and they attained a correct prediction rate of 83%. In another approach, the shape

of supraorbital margin was assessed by Graw et al. (1999) on 108 skull data. The

aim was to study whether only this feature could predict sex from the cranial.

Plasticine impression was made to form the contour shape of the supraorbital and

assess the shape of trait on a 7-point scale. The 7-points indicated the extent

of expression of the supraoribtal curvature and its correlation to sex prediction.

Their experiment presented a prediction rate of 70%. This indicates that the

supraorbital margin is a suitable sexually dimorphic trait. Likewise using a single

trait, Jung and Woo. (2016) examined the shape and size of mastoid process for

sexual dimorphism using geometric morphometrics on 100 male and 100 female

modern white American samples. The authors computed the centroid size and

shape variables through thin plate splines (TPS). The leave one out cross validation

was performed to classify the measurements into two classes. It was discovered that

mastoid size may be a more significant characteristic for classifying each sex, with

prediction of 87.3%.

However, when multiple traits are assessed, the prediction rate usually improves

significantly. Williams and Rogers (2006) examined the accuracy and precision of

21 morphological traits on 50 adult skull data of White European ancestry between

32-94 years of age. By assessing the skull, the cranial data were score as male,

female, or intermediate based on the presence or absence of the traits. An intra-

observer assessment was performed to find the precision of the traits with respect

to the sex identification results. The traits were ranked according to the lowest

intra-observer error, and any trait with > 10% intra-observer error was discarded

from further analysis. It was discovered that 6 traits (Mastoid, Supraorbital ridge,

Size and architecture, Zygomatic extension, Nasal aperture, and Mandiblegonial

angle) possess the highest precision and accuracy for sex prediction with a result
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of 94%. Quite interestingly, the results of their experiment show that the 5 traits

commonly used by forensic experts are among the 6 traits discovered in their study,

which also solidifies the reason for choosing the aforementioned traits. The other

trait, zygomatic extension indicated more bias in prediction accuracy, as it tends

to often predict the skulls as male.

Walker (2008) presented detailed and informative analysis of these sexually

dimorphic traits using 304 skull data, consisting of European Americans, African,

and Americans with English origin. Predictive models such as k-nearest-neighbour,

linear, logistic, and quadratic discriminant analysis were adopted for estimation.

To make the traits meaningful for classification, the author modified the 5-point

scale scoring system developed in (Acsádi and Nemeskéri, 1970; Broca, 1875) to

cover an evenly distributed scale interval. The assessment was performed by two

independent highly experienced observers, who rated the cranial region on their

closeness to the examples presented in a diagram. There was negative bias in

grading between the observers for all traits except the glabellar region. From the

experiment, Walker found the combination of orbit, glabellar, nuchal, mastoid,

and mental provided better indication of sex than any other traits combination,

with a prediction rate of 90.1%. It was also shown that adding information on

age and population produced little (< 2%) increase in the prediction rate of the

discriminant functions. His study indicates that sex is independent of age and local

population. A similar study was carried out by Stevenson et al. (2009) on 304 skulls

of English, African American and European American origin. But the discriminant

function analysis was replaced with chi-square interaction detection (CHAID), as

it was claimed that CHAID provides better explanation of the interaction between

traits than discriminant function analysis. CHAID uses decision trees to maximize

the probability of correct sex determinations. 31 different combination of the 5

dimorphic traits was performed, with 75% prediction rate.

In a study conducted by Garvin et al. (2014), it was shown that population

indeed has a significant effect on the reliability of the dimorphic traits in sex deter-

mination (although age and body size showed no significant effect). The authors

based their study on the standardized cranial dimorphic traits with the 5-points

score scale of Walker. The examination was performed on 499 samples covering

4 different population groups (U.S. Whites, U.S. Blacks, medieval Nubians, and

Arikara Native Americans). Their analysis produced population-specific estimates

between 74% and 94%. It was noticed that the U.S. White samples exhibit more

masculine and dimorphic glabella/supraorbital regions than the U.S. Black sam-

ples. Moreover, the glabellar and mastoid were found contributing more to sex
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estimation than the nuchal. Similar observations were noted by Krüger et al.

(2015) in the examination of South African samples. When Walker’s logistic equa-

tion was applied the prediction rate reduced drastically to 68%− 80% for various

combination of 3 to 5 traits. This is indicative that sex determination should be

population-specific. A very successful method developed on a population group

may not generalize to different population. Recently, Lewis and Garvin (2016)

revisit the reliability of Walker’s method subject to his outcome on intra- and

inter-observer errors. Both errors are crucial in gaining intuition about the influ-

ence the population difference on sex estimation. According, Lewis and Garvin

(2016), the intra-observer error rate of Walker may have been bias, as the author

did not randomly select the samples used in the analysis, since 10 pre-selected sam-

ples were consistently used for calculating the score. Likewise, the inter-observer

error rate may have been influence by the laxity given to the observers to ask the

researcher designer some question before conducting the experiment. As a result,

Lewis and Garvin (2016) re-calculated the approach of Walker on a sample of U.S

white and black individuals using Cohens weighted kappas, intraclass correlation

coefficients, and basing the examination on the ability of the observer to assign sex

to the skulls based on their overall gestalt. The authors noticed slight disagreement

in the scoring by the observers, which resulted in lower error rates in comparison

to those reported by Walker.

Aside classical forensic approaches, modern computer-aided technology such as

computed tomography (CT) was used to acquire the cranial data and visualize

them via 3D reconstruction (Luo et al., 2013a,b). The authors proposed using

sparse principal component analysis for sex determination from 188 CT scans of

Chinese cranial samples. The CT scans were reconstructed into 3D mesh and the

back part of the cranial was segmented out to reduce the number of vertices, fo-

cusing only on the frontal region of the skull. Then, the 3D coordinates from the

craniofacial were concatenated and projected to the eigenface space. LDA was

adopted for classification with accuracy rate of 91.3% and 90.1% for females and

males respectively. In the same context, Pinto et al. (2016) in their recent work ex-

plored the sexually dimorphism of the supra-orbital region from 3D reconstruction

using 2D wavelet for analysis. It was shown that such computer-aided technique

could assist forensic expert in the morphological assessment of the skull.

2.1.2 Approaches based on Morphometric Analysis

This method has a long history in cranial osteobiography and tends to exhibit

comparable sex prediction to visual morphological assessment. It relies on stan-

14



dard anatomical landmarks on the cranial data. The traditional approach of this

technique to sex prediction was performed by computing different linear measure-

ments (distances, angles, and/or ratios of distances) between the landmarks and

evaluation using discriminant function analysis. The initial investigation on using

craniometrics for sexing from skull was presented in (Giles, 1964; Giles and Elliot,

1963) where combination of 9 cranial traits measurement was used for sex deter-

mination with discriminant function analysis. Paiva and Segre (2003) performed

sex prediction by evaluating the mastoid process using the calculated area of tri-

angular distance between the Porion, Asterion, and Mastoidale. The areas were

computed in two regions of the skull: left area, right area, and finally the total

area of the left and right regions. The authors found an overlap of 60% in the

right area of male and female, and 51.67% overlap in the left area. Using the total

area, the overlap was 36.67%. A similar cranial assessment method was proposed

in (Galdames et al., 2008) on 81 Brazilian cranial data. The mastoid region is very

resistant to physical damage and usually remains unaffected, even in a very old or

damaged skull, because of the anatomical part of the cranial it is positioned and

its compact structure (Kanchan et al., 2013).

While there are methods using the traditional linear morphometrics, it has been

claimed that linear measurements do not totally capture the difference in the shape

of some traits such as the prominence of chin or glabella (Gonzalez et al., 2011).

Besides, the method can easily be influence by changes in size of the cranial and it

is population specific. Even in the same population, the measurements collected in

the first half of the 20th century cannot guarantee reliable prediction on recently

collected cranial samples, particularly with the rate at which globalization is con-

stantly increasing (Bigoni et al., 2010). To this end, forensic anthropolgists have

studied the use of geometric morphometrics (GM), particularly from digitized 3D

CT data, which in addition to the linear measurements provides the 3D geometric

structure and coordinates of anatomical landmarks (Adams et al., 2004; Bookstein,

1997).

The standard landmarks that can be used for sex determination are shown

in Fig 2.2. The traits are: Ectoconchion (ec), Superior orbital margin (os), In-

ferior orbital margin (io), Fronto-zygomatic orbitale (fo), Fronto-malar anterior

(fma), Alare (al), Zygomaxillare anterior (zm), Dacyron (d), Nasomaxillary (nm),

Ectomolare (ecm), Jugalia (ju), Auriculare (au), Porion (po), Asterion (ast), Fora-

men magnum lateral (fml), Mastoidale (ms), Zygion (zy), Nasion (n), Glabella

(g), Nasospinale (ns), Prosthion (pr), Lambda (l), Bregma (b), Opisthion (o), Ba-

sion (ba), Frontal convexity (fc), Parietal convexity (pc), Occipital convexity (oc),
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Figure 2.2: Standard landmarks of sexually dimorphic traits of the cranium
(Franklin et al., 2012) .

Opisthocranion (op).

Most of the morphometric methods analyse shape with procedures based on

Kendall’s shape space, Procrustes distance, or their tangent space approximations

(Adams et al., 2004). Forensic analysts can preserve the relative location of each

landmark point and evaluate the multivariate result of variation in sexual dimor-

phism as configurations of landmarks back in the original space of the cranium,

and assess variation in shapes with few or no landmarks (Adams et al., 2004; Gon-

zalez et al., 2011). A number of in-depth studies have been conducted in this

aspect of craniometrics and some solutions have been formulated to indicate the

discriminant cranial regions that contribute more to sex dimorphism. Moreover,

the authors have highlighted the influence of size on the shape of the cranial of

males and females.

Franklin et al. (2005) performed morphometric analysis of 8 dimensional mea-

surements of 3D landmarks from 332 South African samples. By using discrimi-

nant function analysis, it was found the facial width (bizygomatic breadth) and the

length and height of the cranial vault possess higher sexual dimorphism. The ac-

curacy rate of the system was between 77%− 80%. Furthermore, it was confirmed

that male cranial is generally larger than female cranial. Other studies have found

additional regions expressing greater sexually dimorphism. Bigoni et al. (2010)
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presented a craniometric approach to sex determination with the aim of locat-

ing the regions of the cranium where sexual dimorphism are most pronounced.

The study was conducted on 139 cranial set of Central European population. 82

ecto-cranial landmarks were annotated from 7 regions (the configuration of neu-

rocranium, cranial base, midsagittal curve of vault, upper face, orbital region,

nasal region, and palatal region). The generalized procrustes analysis (GPA) was

adopted to performed shape analysis and thin plate spline was used for visualiz-

ing the deformation of shape to understand which landmarks were responsible for

shape difference. They noticed no sex difference in the sample set when landmarks

from the whole cranium were used. As a result, further partial shape examinations

were conducted on 7 sub-regions of the cranium. It was discovered that the cra-

nium base and the neurocranium configuration did not depict any sex variation,

but the midsagittal curve, the upper face, the orbital region, the nasal region, and

the palatal region possess strong sexual dimorphism.

Franklin et al. (2012) examined the morphometrics of 200 Australian adult

(100 male and 100 female) CT scans. The authors computed inter-landmark dis-

tance between 46 anatomical landmarks such as Nasospinale, Mastoidale, Glabella,

Frontal Convexity and so on. Also included was the centroid size (the square root

of the sum of squared distances between the landmarks and their centroid) and

shape variation of the landmarks using procrustes analysis. Using only shape and

centroid size they attained accuracy rate of 83.5%−88%. When incorporated with

linear measurements the accuracy rate was between 87.5% and 88%. Jiménez-

Arenas and Esquivel (2013) presented a performance comparison of two discrimi-

nant function analysis by measuring 17 craniometric variables. It was discovered

that most metric variables were higher for males than females. Rosas and Bastir

(2002) have studied the influence of size and shape of the cranium on sex determi-

nation on a sample set of 52 males and 52 females within the ages of 21-50 years.

29 standard 3D landmark coordinates were collected from the cranial data. The

thin-plate-splines (TPS) was used for warping the points onto the target skulls for

morphometric analysis and multivariate analysis was performed using MANCOVA

generalized linear model. They discovered that there was no influence of size on

shape in the two sexes.

Though several researchers have suggested that size does not influence the shape

of the cranial, it should be noted that these techniques were mostly applied on spe-

cific populations. An example of a situation where population-specific methods fail

to generalize to different population is the evaluation performed on the standard-

ized demographic prediction software, FORDISC. Normally, any combination of
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standard measurements can be used for sex identification using multi-discriminant

analysis in the FORDISC system (Ousley and Jantz 1996). The performance of

FORDISC 3.0 originally modeled with data samples from 28 different popula-

tions, was recently tested on samples collected from France and Thailand. It was

concluded that while the application would normally predict sex with an accu-

racy rate between 74% and 86%, it could not generalize to these two independent

populations. For example the sex prediction rate dropped to 52.2% and 77.8%

respectively for the two populations (Guyomarc’h and Bruzek, 2011). This is part

of the limitation of morphometrics, as the discriminant functions are usually pop-

ulation specific. Besides, a recent comparison of predictive models such as linear

discriminant analysis, linear regression, and support vector machine on craniomet-

ric landmarks showed that the methods developed on Western samples could not

predict accurately on Thai samples (Santos et al., 2014). In fact, as mentioned

by Franklin et al. (2013) it is preferable to build population specific standards

with proper documentation of skeletal collections, which can serve as repository

for acquiring the required osteometric data, when performing sex determination.

This is the context provided by Mehta et al. (2014) where craniofacial parame-

ters of 143 samples from Gujarati population composing of 66 female and 77 males

were analysed. The authors considered measurement between anatomical land-

marks such as maximum frontal breadth, minimum frontal breadth, maximum

cranial length, morphological facial height, nasionprosthion length, bizygo- matic

breadth and bimaxillary breadth and discriminant function analysis was used for

determining the sex of each skull. They obtained prediction results between 61.3 %

- 88.7 % in the study, with the maximum cranial length and bizygomatic breadth

providing the best individual accuracy of 78.2%. Similarly, 70 adult samples con-

sisting of 43 male and 27 female of Indian population were analysed by Ramamoor-

thy et al. (2015) using 26 craniometric parameters with discriminant function anal-

ysis. The analyses were done using stepwise, multivariate, and univariate methods

with accuracy of 77.1%, 85.7%, and 72.9% respectively. In addition, a study of the

outline of the shape of the cranial in form of geometric morphometric analysis has

been conducted to understand its effect on population group (U.S white and black)

and sex (Murphy and Garvin, 2017). In order to perform the analysis, elliptical

fourier analysis (EFA) was utilized to extract features from the 2D projection of

the 3D cranial, mainly capturing the left lateral, posterior, and superior cranial

views, eventually resulting in 80 EFA coefficients. Then, PCA was performed on

the coefficients and two-way MANCOVA was computed on the set of male and

female outlines to assess the sex and population group differences. Also, ANOVA
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was computed on the significant principal components to understand which parts

of the shape outline contribute to the group differences and finally DFA was used

to predict the class of each sample. The experiment resulted in a sex prediction

rate of 70.2%, indicating that outline alone may not be a comprehensive form of

cranial representation.

Summary

Due to the ever increasing improvement on computer technology, the morphometric

based method have often been adopted instead of morphological methods through

the use of the discriminant function analysis. Despite this advancement, foren-

sic anthropologists stills rely heavily on visual assessments of sexually dimorphic

traits. Some of the reasons for morphometrics not being able to totally replace

subjective visual assessment include the large amount of time and expenses re-

quired to compile anatomical landmarks from cranial data. In addition, forensic

experts and anthropologists usually face difficulty to accurately perform measure-

ments that are sufficient enough to cover these sexually dimorphic characteristics,

which can easily be visually perceived (Graw et al., 1999). Also, morphometric

analysis can be distorted by population variation in cranial size.

Based on this variation effect, visual assessment can still provide better under-

standing/interpretation of the difference in expression of sexually dimorphic traits.

Nevertheless, visual assessment to a larger extent is insufficient to independently

provide accurate information about sex, because there are evidences showing the

implication of inter-observer subjectivity on cranial visual assessment. This dis-

crepancies eventually have a high statistical significance and the results of such

analysis as mentioned by Walrath et al. (2004) should be population-specific and

interpreted with caution (Lewis and Garvin, 2016). Therefore, it can be concluded

that using the conventional forensic anthropologists approach, sex determination

in population specific distribution provides more confident estimates than in non-

population specific. Moreover, both morphological assessment and morphometric

possess some limitations such as subjectivity, requirement of high amount of time

for landmark localization, and influence of skull variation on generalization on

metric traits.

2.2 Gender Recognition in Computer Vision

There is a growing interest in the domain of computer vision in automatic classifi-

cation of gender from human face images. This is due to the emergence of several

electronic applications such as human-computer interaction, surveillance, access
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control and market analysis (Sun et al., 2018). In this review, previous works on

gender recognition are reported based on the feature extraction techniques and

estimation models adopted.

The problem of face gender classification involves 4 main stages: face detection,

preprocessing, feature extraction, and classification (Gonzlez-Briones et al., 2018).

Face detection is the stage where the face region is localized and segmented from

the unnecessary background region. Several algorithms have been proposed for

face detection which have very low false positive rate on 2D face images (Viola

and Jones, 2004; Wang and Yuan, 2001) and video (Hjelmås and Low, 2001). Af-

ter face detection, the face image can be preprocessed to remove noise, normalize

the illumination, and align to centralize local regions like eyes, nose, and mouth.

Feature extraction is the stage where discriminating feature are extracted to dif-

ferentiate male from female and classification is the stage where predictive models

such as nearest neighbour, linear discriminant analysis (LDA), support vector ma-

chine (SVM), artificial neural networks (ANN), and so on are used for determining

the gender group of the face image.

From the literature, two mainly approaches have been considered for extracting

face features and classifying gender from 2D and 3D images, which are: geometric

based and appearance based methods (Abbas et al., 2018; Arigbabu et al., 2015;

Khan et al., 2011).

2.2.1 Geometric based

This technique finds some salient points on the face and measures the geometric

distance between those points to form a feature vector.

Fiducial Distance: is an example of geometric based feature extraction. In this

method the local regions of the face such as eyes, mouth, nose, chin are marked

with a number of landmark points describing the features around those regions.

Then, the fiducial distance can be obtained by performing several geometric mea-

surements between the marked points. This method has been shown to be effective

in gender recognition. Brunelli and Poggio (1992) computed 18 point-to-point dis-

tance to train a hyper basis neural network, they attained a recognition rate of

79%. Burton et al. (1993) utilized the distances between points on the face as

feature vectors and linear discriminant analysis for gender classification. Fellous

(1997) measured 22 normalized vertical and horizontal fiducial distances from 40

facial points.

With the assistance of human operator, they were able to manually annotate

these points from images of frontal faces as shown in Fig 2.3. From the normal-
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Figure 2.3: Face measurements performed by Fellous (1997).

ized distances, five dimensions were derived using discriminant analysis to classify

gender with a recognition rate of 90%. Such geometric feature extraction concept

has also been extended to 3D mesh representation where prominent facial features

which discriminate between the genders can be extracted by manually placing land-

marks on specific areas of the face. Han et al. (2009) used the approach to define

shape features of the eyes, nose, mouth and cheek, as shown in Fig 2.4.

The features were measured in terms of the ratio of that region on the surface

to the whole face. By using SVM with RBF kernel for classification, an overall

error rate of 17.44% was attained. Hu et al. (2010) extracted the landmark points

centring broadly on 4 specific facial regions. The landmarks were detected auto-

matically by using the profile curvature projected along different axial view (x- and

y-coordinates). On detecting the landmarks the face was partitioned into 4 regions

(upper face, lower face, left eye, and nose region). SVM was used for classifying

each region and the results of 4 regions were fused using a weighted sum fusion

method. An accuracy of 94.3% was attained which was better than the result of

each independent region. Furthermore, the use of radial curves to select and high-

light the most salient face region that contribute to gender recognition has been

suggested in (Ballihi et al., 2012). Based Riemannian shape analysis, the Euclidean
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Figure 2.4: Extraction of primary features of the face (Han et al., 2009).

distance function from a starting point (mostly placed on the nose point) to differ-

ent region of the face surface can be computed to collect a large set of geometries

curve features. By using Adaboost as a feature selection scheme a recognition rate

of 86% was attained. Using statistical methods, Yang et al. (2017) introduced

3DPCA and 3D independent component analysis (3DICA) for gender recognition

on 3D face landmarks and SVM for classification. Recently, a new curvature based

feature extraction method which computes the geodesic path between landmark

points was introduced by Abbas et al. (2018). Since shape is an important charac-

teristic description of the face, particularly for distinguishing between 2 genders,

the authors suggested that capturing the 3D geodesic path curvatures could be

useful information for gender analysis. After computing the features, LDA was

adopted for classification and a result of 87.3% was attained. Combination of the

new representation with conventional euclidean distance inter-landmark measure

produced an improved result of 88.6%.

2.2.2 Appearance based

This method makes use of the holistic intensity, as well as, statistical distribution

of the face. It does not necessitate localization of specific landmark points on

the face, since the entire information of the face can be quantified by assessing the

probability distribution of pixel intensity. Some of the commonly used appearance-

based techniques are discussed as follows:

Pixel Intensity Values: the raw pixel intensity values of an image can be directly

used to train a classifier such as SVM or ANN. The method was used in one of the

earliest approach on gender recognition Golomb et al. (1990). The author proposed
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SEXNET based on back-propagation neural network classification (BPNN) with

30 by 30 resolution face image. The technique attained a classification rate of 93%

on only raw pixels. Tamura et al. (1996) used 8 by 8 and 8 by 6 low resolution

face images for gender identification with 90 % accuracy.

Yang and Moghaddam (2000) used linear SVM for gender recognition with raw

pixel and an error 6.7% was attained. Since, the entire dimension of the image will

be input to the classifier after face detection and preprocessing, the length of the

feature vector can increase as the size of image increases. Therefore, some authors

have used dimensionality reduction techniques such as principal component analy-

sis (PCA)(Bekios-Calfa et al., 2014; Dhamecha and Sankaran, 2011), independent

component analysis (ICA), canonical correlation analysis (Shan et al., 2008) and

their variants for to decrease the size of the feature vector prior to classification.

These feature reduction techniques are based on statistical procedure . For ex-

ample PCA exploits the joint probability distribution of the correlated data to

find an orthogonal transformation that can maximize the variance between those

data points. These orthogonal transformation properties are the eigenvalues and

eigenvectors used to project the data point to new uncorrelated direction/space.

Wavelet Transforms: are feature extraction methods that transform the spatial

distribution of an intensity image into frequency domain where coefficient from

wavelet sub-bands can be used to representation the important information of the

face. Wavelet transforms such as discrete cosine transform (DCT), discrete wavelet

transform (DWT), fourier transform have been explored for face gender recognition

(Berbar, 2013; Khan et al., 2011; Majid et al., 2003).

Local Feature Descriptors: in recent years, the challenge of face images have grown

bigger with the availability of unconstrained images from web, video surveillance,

and mobile devices. As such, use of local feature descriptors have attracted more

interest for gender recognition because the features can provide comprehensive

local and global representation of the face under various imagery challenges such as

illumination, pose, expression, and occlusion. Examples of local feature descriptors

are local binary pattern (LBP) (Ojala et al., 2002), histogram of oriented gradient

(HOG) (Dalal, 2006), scale invariant feature transform (SIFT)(Lowe, 2004), and

weber law descriptor (WLD) (Chen et al., 2009).

SIFT is a keypoint descriptor that uses the difference of gaussians (DoG) at var-

ious scales to detect the dominant pixel locations (keypoints) in an image. Then, it

extracts histogram of gradient orientations by considering the neighbouring pixels

around the keypoints. It has been used for face gender recognition in 2D and video

sequence (Demirkus and Toews, 2010; Wang et al., 2010). LBP converts the image
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into strings of binary numbers to encode texture descriptions of the face. It is in-

variant to monotonic gray scale changes and has been found very effective for face

gender recognition, especially when combined with adaptive boosting (Adaboost)

to select the most important features (Shan, 2012). WLD is based on weber’s law,

and the descriptor performs non-linear quantization of local intensity information

from multi-scales. Ullah et al. (2012) applied block based WLD for gender recog-

nition with distance metric based classifiers such chi-square and euclidean distance

and an accuracy of 99.08% was reported on the well known FERET face database.

HOG encodes shape representations by casting votes of gradient magnitude from

local cells into histogram bins based on the local orientation of the image gradi-

ents. HOG has been widely applied for face gender recognition (Alexandre, 2010;

Modesto et al., 2013) and its variant pyramid histogram oriented gradient (PHOG)

showing similar performances (Arigbabu et al., 2014; Khan et al., 2014).

There are other methods such as the sparse representation technique proposed

by Yang et al. (2013a) where the standard dictionary learning which is based on

using class-specific fixed atoms was improved to learn discriminatory dictionary

that is able to adaptively learn latent information among class labels. Also, the

deep learning approach proposed by Mansanet et al. (2015), which is able to learn

local information from the input image and use discriminative deep network to

classify the learned features. This has also created the avenue for researchers to

explore the possibility of extending face gender recognition to cater for large scale

dataset. For instance, Jia et al. (2016) trained deep convolution neural network

(CNN) on five million weakly labeled face images, with several variation on the ar-

chitecture (depth) of the network and the results were compared with SVM based

methods. The results of CNN was better than SVM with accuracy of 98.9% and

able to generalize across different dataset i.e a separate dataset was used in train-

ing, while different one for testing with accuracy of 91.34%. Rodrguez et al. (2017)

studied the face analysis problem ”in the wild”, showing the possibility of age and

gender identification under highly challenges conditions such as occlusion, expres-

sion, illumination, and deformation. Normally deep networks exhibit sensitive to

such variations, however the authors proposed an attention mechanism which is

able to automatically discover the most informative and reliable parts of a input

face, limiting the effect of variation on the prediction result. The approach showed

promising results with 2.3% improvement over the state-of-the-art reported in the

literature.

From 3D perspective, some studies analysing the importance of face appear-

ance have also been reported. For instance, Xia et al. (2013) investigated the
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relation between face symmetry and gender by capturing the facial asymmetry

using Deformation Scalar Field (DSF). These extracted information from each 3D

face are transformed to a lower dimensional space using PCA, which are then fed

to predictive models such as Random Forest, Adaboost and SVM. They attained

a classification rate of 90.99% with Random Forest, and their examination showed

that there is a positive relationship between gender and facial symmetry. This

approach has been extended to examine the relationship between face averageness

and symmetry of 3D face image for gender recognition (Xia et al., 2015). However,

instead of transforming the DSF features with PCA, correlation based feature se-

lection was adopted and the recognition results improved to 93.78%. Huynh et al.

(2013) proposed computing local binary pattern (LBP) on RGB-D depth image

and SVM for classification. Their experiment produced better classification results

than standard LBP and 3DLBP.

2.3 Relation between Forensic and Computer Vision Methods

In the previous sections, summary of recent and classic works on sex and gender

estimation both from the perspective of forensic anthropology and computer vi-

sion respectively have been presented. Although, the two field are miles apart,

it is worth pointing out that they both loosely share similar research orientation,

yet have differing conceptual ideology. In forensics, two main approaches have

been explored to date for sex estimation: morphological assessment (non-metric)

and morphometrics (metric) based techniques. From the literature, it has been

pointed out that morphological or visual assessment suffers from subjectivity and

at times it is highly difficult to find inter-observer agreement. An example is in

the case where the experience of an observer is very important, as they estimate

with high accuracy in a population group they are familiar with but tend to falter

in an unknown population dataset. Similarly, morphometrics which is based on

linear or geometric measurement quantified with mathematical formulas tends to

be affected by the changing size of the cranial. Moreover, it requires a lot of human

effort and precision to make large collection of accurate anatomical landmarks. In

computer vision, researchers have used both visual assessment from human ob-

server and feature representations to make assessment of gender from face image.

The visual assessment aspect can be slightly considered to have connections with

forensics, since the main aim is to gather observation from an observer with regard

to the observer’s perception. In the feature representation method, two techniques

are commonly used: geometric representation and appearance representation. The

geometric representation makes use of fiducial landmark points both from 2D and
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3D face data. Again, this can be considered to be slightly related to morphometrics

in forensic examinations of the cranial, because the measurements have been estab-

lish based on the study of anthropometric development of the craniofacial (Farkas,

1994). Then again, geometric measures have similar limitations found in standard

forensic anthropology research such as effect of change in face size. With regard

to this, it can be literally suggested that these two research domains share similar

research direction, albeit forensics being more rigorously and strictly investigated

with well grounded principles. However, an aspect that has not been explored

in forensic anthropology is representation of skulls with local feature descriptors,

which from computer vision research perspective has exhibited tremendous suc-

cess. Hence, part of the contribution of this research is to fill this research gap by

exploring the possibility of using 3D shape descriptors for demographic estimation.

2.4 3D Local Descriptors and Patch based Representation

The essence of this section is to point out some of the advancement on 3D feature

representations and their usage in computer vision applications. 3D representa-

tion is a standalone field with immense contributions from diverse perspectives.

Hence, it is practically impossible to cover all the existing methods on 3D feature

representation. However, since 3D descriptors are explored in this research, it is

therefore reasonable to report the most prominent innovations on 3D feature rep-

resentation methods. To this end, this review groups the body of research into 3

broad categories, which are: (1) Feature based (2) View based (3) Graph based

descriptors, and describes the most commonly used techniques in each category.

2.4.1 3D Shape Representation for Object Recognition

Feature based descriptors

Feature based descriptors describe an object by encoding the distribution of local

properties such as curvature, spatial maps, orientation, and pose in form of his-

tograms and shape distribution. The descriptions can be extracted to target the

global or local outline of the 3D objects, and there are cases where both local and

global are embedded in the final representation. The classic methods to the 3D ob-

ject retrieval focused on describing the global shape properties of the objects such

as area, moments, and volume. Osada et al. (2002) used the global shape distribu-

tion to represent 3D models. The shape distribution was formed by transforming

the 3D model into a parameterized functions, which can easily be compared with

other models. Such functions include the angular distance between three random
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points (A3), the surface distance between two random points (D2), the area of the

triangle between three random points (D3), and the volume between four random

points on the surface (D4). Ohbuchi et al. (2005) proposed an improvement on the

D2 distribution, which captures information about surface orientation and surface

distance. The method converts the 3D model into orientated points, then calcu-

lates a joint 2D histogram of the distance between two points and their mutual

orientation as features. Other primitive functions of the 3D surface have commonly

been explored for encoding shape distribution. For instance, Zaharia and Preteux

(2001) have utilized the shape index which mainly reflects the angular coordinates

of the principal curvature of a surface to extract the intrinsic shape description

of 3D mesh. Global descriptors are not too computationally demanding because

they can summarize the holistic description of the 3D object in a smaller dimen-

sion. However, they lack the capability to cope with small variation in the shape

of objects from the same class, which eventually affects the retrieval performance.

Table 2.1: 3D Shape Descriptors

Category Algorithm

Feature based

SIFT
Spin Image
LBP
Shape Index Map
Heat Kernel Signature (HKS)
Scale Invariant HKS
Spherical Harmonics (SH)
PCA-SH
Fourier Transform

View based
Light Field Descriptor (LFD)
Compact Multiview
Adaptive View

Graph based
Skeletal Graph
Reeb Graph

Learning based
Sparse Representation
Deep Learning

Alternatively, the global features can be derived using representation methods

based on transform coefficients. Transform coefficients based descriptors can be

computed by decomposing a 3D model according to a set of basis functions. These

basis functions are formed to pack the main patterns for low order projection.

This kind of representation is mathematically sound, because of orthogonality,

completeness, and consistency (Cheng and Chung, 2016). Examples of transform
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based descriptors are spherical harmonics and fourier transform. Spherical harmon-

ics descriptor (SHD) is based on the fundamental theory of spherical harmonics

where any spherical function can be decomposed into the sum of its harmonics

(Kazhdan and Funkhouser, 2002). The descriptors is encoded by computing the

3D Fourier transform of a shape function defined over a set of concentric spheres

in spherical coordinates coordinates on the voxel grid of the 3D object (Cheng

and Chung, 2016; Kazhdan et al., 2003). One of the main advantages of spherical

harmonics is that it is rotation invariant. In other words, the L2-norm does not

change despite rotating the spherical function. To further improve its rotation

invariance ability PCA-SH has been proposed which uses PCA to normalized the

3D object before computing SHD (Vranic and Saupe, 2002). It was demonstrated

that incorporating this step into the matching problem can improve the retrieval

performance (Vranic, 2003; Vranic and Saupe, 2002). Another global 3D descriptor

is heat kernel signature (HKS) which is based on heat propagation on a riemanian

manifold (Sun et al., 2009). This descriptor and its variants have also exhibited

tremendously efficiency in 3D object retrieval (Bronstein et al., 2010; Sun et al.,

2009).

More popular trend in feature-based representation concentrates on describing

a 3D model with local representation, because better discriminating characteris-

tics can be derived according to the local neighbouring connectivity of the 3D

object. Johnson (1997) introduced spin image which uses random subset of points

from the 3D mesh to encode the angular difference between a centre point and

its neighbouring points. Due to the immense success of SIFT descriptor on 2D

image recognition, several authors have proposed various techniques to extend the

approach to 3D object representation (Darom and Keller, 2012; Smeets et al.,

2013). Likewise, the LBP descriptor which became the state-of-the-art descriptor

for 2D face recognition, texture analysis, object retrieval in the mid-2000 has re-

cently been extended to 3D mesh and its performance evaluated on a number of

3D object retrieval tasks and 3D face recognition (Werghi et al., 2015b). Unlike

2D where a binary ring around the centre point can typically provide information

about the texture of the 2D object, in 3D LBP extracts binary representation of

the curvature property of the 3D model. Thus, it reflects angular transition as well

as the shape variation in a region of interest bounded by the size of such region.

View based descriptors

The descriptors under this category describe a 3D shape by how it looks in 2D

projections. In other words, the descriptors thrive on the multi projection of the
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3D shape from difference angles onto different 2D planes, before computing the

representation. Methods of projection to 2D exploit properties such as silhouette,

depth-buffer images, and grayscales. Some view based descriptors are: Light Field

Descriptor (LFD), initially introduced by Chen et al. (2003) involves projecting the

3D objects to 20 different 2D views from different camera position. The camera

positions are selected at the vertices of a regular dodecahedron. The result of

each view is silhouette (binary) image. 10 of the 20 views are then taken from

opposite vertices of the dodecahedron, since the image from the remaining views

will be identical. For each selected image, a combination of 35 Zernike moments

and 10 Fourier descriptors are used to represent the image. Finally, the similarity

between two feature vectors is calculated using L1 distance. Compact Multi-View

Descriptor (CMVD) is based on projecting the 3D mesh on 18 2-dimensional views,

selected from the vertices of 32-hedron. The 2D image are represented with features

obtained from polar-fourier transform, zernike moments, and krawtchouk moment.

The resulting features are matched to compute the comparison between two 3D

models, with the minimum sum of distance denoting the similarity between the

models. View based methods are typically dependent on the assumption that two

3D models are similar if they look the same from different 2D views. In order to

select the optimal number of views that are sufficient enough accurate matching,

Ansary et al. (2005) introduced an adaptive view clustering (AVC) algorithm which

uses a probabilistic bayesian method for 3D model indexing. Basically, as a 3D

model becomes more structurally complex, the 2D projection of such model will

have less similarity, thus the AVC technique enables selection of dominant 2D

projections according to the geometric complexity of the 3D model. The methods

uses an alternating k-means to cluster the 2D views and then include additional

characteristic views where necessary before using the bayesian information criterion

(BIC) to select the most representative views for the 3D model.

Graph based descriptor

This category of descriptor is different in computation compared to feature and

view based descriptors. It uses the topological information of the 3D object to

describe its shape and the graph that is constructed exhibits how the different

components in 3D shape are connected together. Example of graph based descrip-

tors are model, reeb and skeleton graphs. Despite these properties graph based

descriptors usually lack the ability to generalize to different representation form

and require specific matching technique. Moreover they are computationally ex-

pensive and easily affected by small topological changes (Zhang et al., 2004).
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Learning based descriptor

Recently, computer vision scientists have suggested data driven method of repre-

sentation. In a condition where there is a large enough dataset covering diverse

data distribution, learning the representation directly from data has shown to be

an effective method of deriving object representation. Deep learning has become

a trend among CV researchers and CNN which performs a series of convolutional

computations has been practically tested in object recognition applications (Wu

et al., 2016). Unlike 2D CNN, some authors have demonstrated that 3D CNN

incorporates spatiotemporal information in the learned features. The 3D CNN

uses a 3 × 3 × 3 convolution kernels in every layer, giving temporal depth to the

extracted features. This type of architecture with a simple linear classifier at the

top has produced performances which are better than state-of-the-art techniques

on different benchmarks datasets (Du et al., 2015; Zhou and Tuzel, 2017). A dif-

ferent method of learning features from 3D data using deep networks is to consider

working directly on the 3D point clouds, where the input to the network is set

of unordered points. For instance, Qi et al. (2016) proposed the PointNet which

accepts 3D point cloud into a recurrent neural network (RNN), which trains the

data sequentially by randomly permuting the input point clouds to make network

invariant to the order of the data. Then, it uses a max pooling layer as a sym-

metric function for feature aggregation. This sort of approach has further been

modified to incorporate metric learning in the data sampling stage. The main idea

is to divide the input data into overlapping local region by distance metric, then

extract features which capture the local geometrical structure of the small local

neighborhood. The extracted feature a later accumulated into large batch and

processed to obtain high level features (Qi et al., 2017).

2.4.2 3D Shape Representation for Craniofacial Analysis

3D shape descriptors have been explored for analysing human craniofacial, al-

though the application is mostly centre around the soft tissues. The studies in this

domain typically focus on anatomical landmark detection and medical condition

examination such as Deformational Plagiocephaly and 22q11.2 Deletion Syndrome.

Hammond (2007) initially examined facial deformation by manually placing a num-

ber of landmarks on 3D mesh data to align the faces to an average face, similar to

the standard dense surface method. Then, PCA was used to represent the entire

dataset, and the coefficients were used to differentiate the facial morphology of

children due to genetic disorder. Motivated by the work of Hammond (2007), the

global outline of the frontal and side view profile of the head were extracted from
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2.5D depth map for head shape classification in (Shapiro et al., 2009). Atmosukarto

et al. (2010) extracted low level features based on standard shape primitives such as

gaussian curvature, besl-jain curvature, azimuth-elevation angle to describe differ-

ent types of head shape dysmorphology in children. Further, anatomical keypoints

were manually selected and learned with SVM to determine additional salient key-

points that improve the head shape retrieval performance. Yang et al. (2013b)

extracted the global outline of the head and sparse logistic regression classifying

the severity of skull deformation. These automated techniques are useful digital

diagnostics for clinicians to retrieval of CT images of patients with skull deformity.

2.5 Conclusion

Forensic methods which require accurate landmarks localisation, only select sparse

landmarks to capture global shape, but fail to capture the local shape description

of the skull. Meanwhile, gender classification based on 2D/3D face images rely on

local textures or identification of key landmarks such as nose tip for constructing

geometric descriptors. However, these information either do not exist or is severely

lacking on skull data. Methods presented in 3D object classification are either part

based or shape based, whereby 3D descriptors are summarised over local region.

They are effective for classifying 3D objects that are significantly different in shape.

However, it is not evident whether they would perform similarly for sex identifi-

cation with skulls that do not differ significantly in overall shapes. On the other

hand, it is clear from the literature that for sex/gender identification (using face

or skull), the overall shape and morphological differences between the subjects of

two opposite sexes play important roles for accurate classification. Thus the main

aim of the thesis is to explore morphological representations of 3D skulls that

take advantage of 3D object classification (e.g., 3D descriptors), and in the mean-

time overcome the issues of lacking local shape description (in traditional forensic

methods) and issues of lacking meaningful texture on skulls and/or problems to

easily identify the landmark corresponding to nose tip (which methods for gender

classification from 2D/3D faces generally rely on).
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Chapter 3

Research Methodology

There are some things one can only achieve by a
deliberate leap in the opposite direction.

Franz Kafka

3.1 Overview

The base structure of the proposed solution for sex determination from human

skull embodies 4 main stages: 3D data preprocessing, feature representation, di-

mensionality reduction, and classification as illustrated in Figure 3.1.

Figure 3.1: Structure of sex determination using heuristically partitioned skulls

3D data preprocessing is the stage where the input volumetric PMCT sample

of head region is filtered to reduce noise, remove local irregularities, and perform

isosurface (mesh) reconstruction to obtain the skull layer. Feature representation

involves extracting a number of 3D local shape features on the derived skull patches

and the features from each local patch are learned to derive a set of compact and

discriminative representations. Finally determination of sex is performed using

different predictive models.

The objectives of this chapter can be summarized as:
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• To describe in detail the experimental dataset, with its composition.

• To provide the detailed description of the fundamental approach proposed

for sex determination with the stages, algorithms, and the choice of methods

at each phase of the proposed method.

3.1.1 Experimental Dataset

The data used in this study are post-mortem computed tomography (PMCT) scans

obtained from Hospital Kuala Lumpur (HKL), which have been compiled between

01-05-2012 and 30-09-2012. The demographic distribution of the data is composed

of male and female subjects from south east asia (precisely 71 Malaysian and 29

Non-Malaysian). The Non-Malaysian samples are from: Bangladesh, Myanmar,

Vietnam, Pakistan, Indonesia, Nepal, and Cambodia. All subjects are between

the ages of 0 and 85 years. Legal consent was obtained for usage of this data prior

to the commencement of the research. The 100 samples used for all experimental

evaluation in this research compose of 54 male and 46 female subjects of known

sex. The distribution of data is illustrated in Figure 3.2, Table 3.1, and Table 3.2.

(a) Sex distribution (b) Age distribution

(c) Race distribution

Figure 3.2: Distribution of the 100 data samples used in the experiments in this
thesis according to sex, age, and race
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Table 3.1: Number of samples in different age band

Age Range 0-25 26-45 46-65 66-85
Number of Subjects 24 53 19 4

Table 3.2: Number of samples in race groups

Race Group Indian Chinese Malay Others
Number of Subjects M (9) F (11) M (16) F (16) M (15) F (3) M (14) F (16)

NB: M - Male, F - Female, and Others - Non-Malaysian

The original format of data contains the full body of the subjects, which average

between 2000 to 4000 slices per-subject and the resolution of the data is 512 × 512

× No of slices. For the purpose of this work, the head region has been segmented

for each subject. The resulting input sample set is minimized to resolution between

512 × 512 × 261 and 512 × 512 × 400, depending on the size of the head region

of each subject. Example of CT slices is depicted in Fig. 3.3.

(a) Subject 1 (b) Subject 2

(c) Subject 3 (d) Subject 4

Figure 3.3: Head region volume CT slices of 4 subjects prior to 3D reconstruction
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3.2 3D Preprocessing

This section describes the techniques utilised to remove noise, align, and recon-

struction each skull into 3D mesh from the accumulated 3D volumetric CT scans.

3.2.1 Noise Removal

Original form of 3D volumetric data is usually composed of unwanted noise and

possibly background objects which should be removed to minimize the influence

of outliers on prediction results. In this research, each 3D volumetric data of the

head region is filtered to minimize noise, local irregularities, and roughness using

a discretized spline smoothing method (Garcia, 2010). The smoothing method

utilizes the 3D discrete cosine transform based penalized least square regression

(DCT-PLS) on equally spaced high dimension data. PLS is a fundamental concept

in thin plate splines for data interpolation and smoothing. However, according to

Garcia (2010) the PLS regression problem can be reformulated with DCT, where

the data are expressed in the form of cosine functions oscillating at different fre-

quencies. The method can equally be adapted to multidimensional datasets, since

DCT is multidimensional.

In the case of smoothing, the DCT-PLS method seeks to minimize the following

Garcia (2010):

S(x′) = RSS + sP (x′) (3.1)

= ||x′ − x||2 + sP (x′)

where, x is the noisy data, x′ is smooth data, RSS is the residual sum of square

error, equivalent to the euclidean norm ||x′ − x||2, s is a small scalar value that

determines the smoothing rate (a larger s leads to smoother x′), and P is a penalty

term that expresses the roughness of the smooth data. When P is expressed as the

square integral of the pth derivative of x′ then PLS regression is simply a smoothing

spline. However, according to Garcia (2010) an alternative method to express the

roughness of the smooth data can be done using a second-order divided difference:

P (x′) = ||Dx′||2 (3.2)

where D is a tridiagonal square matrix. Hence, using Eqs. (3.1) and (3.2) S(x′) can

be minimized using the following system of linear equation to obtain the smoothed

data:

(In + sD>D)x = x′ (3.3)
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where In is a unit matrix and D> is the transpose of D. The best value of s

can be determined by generalized cross-validation (GCV). To apply the method to

an evenly spaced gridded data, D can be rewritten as a simple difference matrix

(Garcia, 2010):

D =


−1 1
1 −2 1

. . . . . . . . .

1 −2 1
1 −1

 .

Then the eigendecompsition of D is

D = UΛU−1 (3.4)

where Λ is the eigenvalues of D and since U is a unitary matrix, it follows the

relation:

x′ = U
(
In + sΛ2

)−1
U>x ≡ U ΓU>x (3.5)

where Γ is a diagonal matrix and because U and U> are equivalent to n-by-n type-2

DCT and inverse DCT, so the smooth output x′ can be further expressed as:

x′ = U ΓDCT(x) = IDCT (ΓDCT(x)) (3.6)

Now, to deal with multi-dimensional data, the above derivation can be easily ex-

tended by:

x′ = IDCTN
(
ΓN ◦DCTN(x)

)
(3.7)

where DCTN and IDCTN are the N -dimensional discrete cosine transforms, ◦
represent the Schur (elementwise) product, and ΓN is a tensor of rank N defined

as:

ΓN = 1N ÷
(
1N + sΛN ◦ ΛN

)
(3.8)

where ÷ is element-by-element division and 1N is an N -rank tensor of ones. After

noise removal, the marching cubes algorithm is adopted to reconstruct the volume

data into a 3D surface (Lorensen and Cline, 1987), as shown in Fig. 3.4.
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Figure 3.4: 3D reconstruction from volume slices using Marching cubes algorithm

In this thesis, the reconstruction is achieved using an iso-value of (150) to obtain

the regions containing the hard tissues. Due to the high dimension of the recon-

structed skulls (for instance, the number of vertices in the original reconstructed

skull is between 650000 and 850000 vertices), it is preferable to perform down-

sampling in order to reduce computational complexity and time. As a result, mesh

simplification (Cignoni et al., 1998) is performed on the original reconstructed mesh

to downsample the 3D surface to 13% of the original size. The resulting downsam-

pled skulls have < 130000 vertices, but the structural details of the surface are still

well preserved after downsampling, as it can be seen in Fig. 3.5.

(a) (b) (c) (d)

Figure 3.5: Examples of Reconstructed Skull data. (a) Original Skull (b) Down-
sampled to 50% (b) Downsampled to 25% (d) Downsampled to 13%.

3.2.2 Background Object Removal

Considering the fact that the data samples are real data obtained from hospital,

some dynamic background objects were noticed, which have the same isovalue as

the hard tissue, on some skull samples (approximately 27 samples) after surface

reconstruction. To remove these unwanted or noisy background objects, this thesis

proposes to learn an online sequential linear systems with gaussian mixture model

sample initialization. Firstly, 8 samples of clean skulls and 8 samples of noisy
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skull data are randomly selected. Manual annotation is perform on the noisy skull

data to cut out the noisy objects. The set of segmented noisy objects are used

to form the negative training samples, while the clean skulls are regarded as the

positive training samples. Therefore, the training set contains 8 clean skulls and

8 segmented noisy object regions resulting in ∼ 750000 vertex points for the two

classes. Secondly, due to the size of the training set, a sequential learning method

is utilized, where each time the training is performed in batches. However, the

first batch of data for training is initialized by using GMM to fit a mixture model

composing of n components. Given a training set A = {v1, . . . vi}, where A is a

matrix composing of clean and segmented noisy objects, and vi is a vertex point,

the formulation of the n components GMM can be expressed as:

p(v|λ) =
n∑
i=1

wj g(v|µj,Σj) (3.9)

where µj is the mean vector, Σj is the covariance matrix, wj are the weights

of the mixture and g(v|µj,Σj) are the gaussian density of the components. The

entire parameters can be placed as λ = {wj, µj,Σj} j = 1, . . . n, which need to be

estimated. There are several methods that can be used for parameter estimation,

but the one used in this research is the expectation maximization (EM) algorithm.

It is an algorithm which solves two main steps: the expectation E-step and the

maximization M-step with an initial model λ to estimate a new model λ̄, until

the expected value converges or reaches the maximum number of iteration.

Thus, the sample set A is clustered into n-clusters with mixture of gaussians. To

initialize the training process of background object removal, a cluster from output

of GMM is selected as the initial batch A0. After selecting the initial batch, the

following minimizing problem of a linear system is solved as:

Minimize: ||A0x0 − b0||2 + λ||x0||2 (3.10)

where x0 is the learned coefficients with the smallest norm, λ is a regularization

value, and b0 = {+1,−1} are the labels (+1 for clean skull, -1 for noisy object) of

the initial subsets. The initial solution x0 can be obtained analytically using:

x0 =
(
A>0 A0 + λI

)−1
A>0 b0 (3.11)

Formally, the coefficient x0 is regarded as the least square solution to the minimiza-

tion problem. The inverse matrix M−1
0 can be obtained as: M−1

0 =
(
A>0 A0 + λI

)−1
and the output coefficient x0 = M−1

0 A>0 b0.
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Updating xk+1

Now, the interest is to train the remaining subset of data in batches also, but with-

out keeping the previously trained set in order to reduce computational time and

complexity. Therefore, it is preferable to find an efficient approach to update the

initially learned coefficient, while solving new linear systems minimization problem

(Do and Fekete, 2007). Assuming the least square solution to the minimization

problem previously initialized with GMM clustering is obtained in the form of x0,

one well recognized method to subsequently update x0 is the sherman-morrison

woodbury inverse formula (Golub and Van Loan, 1996). When new sample sub-

sets Ak+1 = {vk+1
1 , . . . , vk+1

i } are learned in batches x0 can be updated from Eq.

3.11 as:

xk+1 = xk +M−1
k+1A

T
k+1 (bk+1 − Ak+1xk) (3.12)

M−1
k+1 = M−1

k −M
−1
k Ak+1

(
I + ATk+1M

−1
k Ak+1

)−1
ATk+1M

−1
k (3.13)

where xk is the output coefficient in the previous step, bk+1 is the newly collected

labels and M−1
k+1 =

(
ATk+1Ak+1 + λI

)−1
. Once xk+1 has been learned, each new

skull sample containing noise, which were not included in the training phase are

used to test the model. The results obtained are depicted in Fig. 3.6.

3.2.3 Mesh Alignment

Mesh alignment is a necessary stage for centralizing the 3D coordinates of mesh

points. In order to centralize the pose of the subjects, mesh alignment is performed

using iterative closest point (ICP) method (Besl and McKay, 1992). ICP normally

requires a set of predefined interest points from a model and target mesh to iter-

atively perform the alignment by minimizing the sum of square error between the

two data. The approach in this thesis is to generate the interest points by using the

difference of gaussian (DoG) scale space technique, computed on a shape primitive

(first order information).

Considering a set of vertices V = {v1, . . . , vn} points from a triangulated mesh

with N neighborhood connectivity defined on V . The mesh is filtered with gaus-

sian filter using different smoothing parameters σs, which increase exponentially

by σss = 2s (this work uses 20 scales). Then, gaussian curvature (a shape primitive

function) Gc = kmax · kmin at each scale is computed, where kmax and kmin are the

maximum and minimum curvature of a mesh point.

Afterward, the difference between the gaussian curvature of the smoothed mesh

obtained at different scales is computed. Finally, the vertices with the highest DoG
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values in a neighbourhood (local maxima) are selected as the detected interest

points. Once the interest points have been detected, a sample mesh is selected as

the model and every other mesh data is subsequently registered to the model using

ICP to obtain the transformation parameters (rotation matrix and translation

vector). These parameters are used to transform the target data. Some aligned

skulls are depicted in Fig. 3.6.

Figure 3.6: Noisy objects removal (a) data with noise (b) clean and aligned skulls
after object removal (c) the removed noise

The registered data are used in the next stage for feature extraction with dif-

ferent local descriptors.

3.3 3D Local Shape Descriptors

The representative features computed from the registered mesh data are mesh

local binary pattern (MeshLBP), Spin Image, Local Depth SIFT (LD-SIFT), scale

invariant heat kernel signature (SIHKS), ShapeDNA, and Region Area. Out of the

6 techniques only MeshLBP, SIHKS, ShapeDNA, and Region Area are extracted on

the entire skull because the other 2 methods are keypoint based. The main reason

for considering these 6 techniques is because they encapsulate the characteristics

or properties of multitude of local descriptors and their variants reported in the

literature.
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As a general practice in computer vision, when features are extracted locally,

feature concatenation can be adopted to transform the representations into a fea-

ture vector, since predictive models theoretically perform vector operations. How-

ever, if local representation from each point are concatenated, the resulting features

will be in the order of 105, which is a high dimension. As such classifiers may find

difficulty in separating such huge features because of computational complexity in

addition to the high computational time. With regard to this, different techniques

are used to reduce the features into compact representation.

3.3.1 Mesh Local Binary Pattern (meshLBP)

MeshLBP is based on extracting a set of ordered ring facets (ORF) (Werghi et al.,

2012) and calculating a primitive function such as mean or gaussian curvature

for each facet in the ring. Then the primitive function of centre facet is used as

a thresholding function to obtain the binary patterns of the neighbouring facets

(Werghi et al., 2015a). Consider a primitive function p(f) defined on the mesh,

which represent the gaussian curvature. The mesh-LBP can be computed as fol-

lows:

meshLBP r
m(fc) =

m−1∑
k=0

s(p(f rk )− p(fc)) · α(k) (3.14)

s(x) =

{
1, > 0

0, ≤ 0

where r is the ring number, and m is the number of facets in the ring.

The two parameters control the radial resolution and azimuthal quantization.

The added parameter α(k) is a discrete function that allows the computation of

other LBP variants. To extract MeshLBP in this work, 10-ring neighbours are

computed for each unique facet. Then the MeshLBP is extracted by comparing

the gaussian curvature of centre facet to the neighbouring facets. An example

of MeshLBP feature representation is illustrated in Figure 3.7. The output of

MeshLBP is V -by-10 matrix for each sample data, with V denoting the number

of vertex points. It takes ∼ 1325 sec to extract MeshLBP features for a sample

cranial data.

3.3.2 Spin Image

It is a state-of-the-art descriptor proposed by Johnson (1997) for object retrieval.

The descriptor is invariant to rotation and translation. The main idea of spin

image is to generate a 2D histogram for mesh point composing of representation of
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Figure 3.7: Example of MeshLBP feature distribution by mapping the binary
patterns to different color map. For illustration, the binary patterns of ring (r
= 2) are displayed. Red color indicates areas of small binary pattern (0) due to
small variation in the curvature of the local regions. Blue represents patterns with
values (1 16), green denotes patterns with values (32 256), and cyan represents
patterns with values (512 4096), due to large variation in the curvature of the local
regions. For instance, sharp curvature variation can be observed around the local
regions of the orbital, nasal bone, and mandible, while the parietal bone exhibits
mild variation in curvature

the object geometry. In essence, it performs representation of object’s coordinate

system rather than viewer’s coordinate system. Oriented points are computed

for each point on the mesh based on the position of the vertex p and surface

normal vector n. Based on this, a 2D basis (p, n) is formulated. Then to obtain

the coordinate system, a tangent plane P passing through p is formed which is

perpendicular to the normal n and line L through p that is parallel to n. This

computation results into a cylindrical coordinate system (α, β), with α being a

non-negative distance to L and β a signed distance perpendicular to P .

These oriented points are used to construct a spin map So, which is simply a

projection of 3D points x on a mesh to 2D coordinates (α, β). The mapping can

be expressed as:

So : R3 → R2

So(x)→ (α, β) =
(√
||x− p||2 − (n · (x− p)2, n · (x− p)

)
(3.15)

The 2D points are further accumulated into discrete points which are incrementally

updated for each new 2D points. The size (imax, jmax) of a spin image is determined

by the size of the bin and the maximum size of the object expressed in the spin

map coordinates:

imax =
2βmax
b

+ 1 , jmax =
αmax
b

+ 1 (3.16)
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The spin image is extracted over a 10× 10 grid positioned over the keypoint. The

spin image for a cranial data can be extracted in ∼ 125 sec.

3.3.3 Local Depth SIFT (LD-SIFT)

LD-SIFT is an extension of the original 2D based SIFT to mesh surface, presented

by Darom and Keller (2012). Given an interest point that is a local maxima result-

ing from difference of gaussians (DoG) operation on the mesh, a sphere support is

constructed around it covering a neighbouring region. LD-SIFT estimates a tan-

gent plane T within the support region, and compute the distance from each point

in that region to the plane to create a 2D array of depth map. Then, it sets the

viewpoint size to match the feature scale, as detected by the DoG detector, which

enables the construction to be scale invariant. Further, it computes the principal

component analysis (PCA) of the the points surrounding the interest point, and

use their dominant direction as the local dominant angle.

Similar to the standard SIFT by Lowe (2004), the depth map are rotated to a

canonical angle based on the dominant angle, which makes the LD-SIFT rotation

invariant too. This mainly differentiate LD-SIFT from Spin Image, as the angles

in Spin Image are obtained based on the normal vectors. From the resulting depth

maps, the standard SIFT feature descriptors are computed to create the LD-SIFT

feature descriptor. The features are mainly representation of 8-bins gradient his-

tograms distributed in the local cells of 4-by-4 depth map. The LD-SIFT for a

cranial data can be extracted in ∼ 1085 sec.

3.3.4 Scale Invariant Heat Kernel Signature (SIHKS)

Heat kernel signature (HKS) is a spectral shape representation that provides the

point signature of a specific point in a mesh via deformable shape analysis (Sun

et al., 2009). The concept is based on modelling shapes as Riemannian manifold

and use their heat conduction properties as descriptor. The heat propagation can

be generalized by the Heat diffusion equation:(
4X +

∂

∂t

)
u = 0 (3.17)

where 4X is the Laplace-Beltrami operator and the solution u (x, t) of the

heat diffusion describes the amount of heat on a surface at a particular time t.

The solution of Eq.3.17 with point heat distribution u0(x) = ∂ (x− z) as initial

conditions is called the heat kernel and denoted by KX,t(x, z). The equation can
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be compactly expressed as:

KX,t(x, z) =
∞∑
i=0

e−λitφi(x) φi(z) (3.18)

where λi are eigenvalues and φi are eigenfunctions.

The original heat kernel signature for shape representation was proposed by Sun

et al. (2009), which is invariant to isometry and its has been popularly used for

shape retrieval in computer vision applications. However HKS has the limitation

of scale invariance, thus SIHKS was recently introduced to remove scale effect by

sampling each point logarithimically in time (t = ατ ) (Bronstein et al., 2010).

Then calculating the derivative with respect to the scale to undo the additive

function with respect to the scale. Further, they used fourier transform to cancel

out the shift variation. To extract SIHKS, a logarithmic scale-space with base

α = 2 ranging from τ = 1 : 20 with increments of 1/5 is utilized in this research.

The first 10 frequencies are then selected for local description. Each of the feature

point in the 10 length vector is the heat kernel signature at a particular scale. In

other words, each column contains the frequencies of HKS of the whole mesh at

that scale. It takes ∼ 58 sec to extract the SIHKS descriptor for a sample cranial

data.

3.3.5 ShapeDNA

ShapeDNA initially proposed by Reuter et al. (2006), computes the fingerprint of

any 3D object by deriving the eigenvalues of laplace-beltrami operator of the shape

model. It is isometry invariant and insensitive to noise. Normally, eigenvalues λ

and eigenfunctions u are the solutions to the laplacian eigenvalue problem 4u =

−λu, where4u := div(grad(u)), div is the divergence of the underlying Riemanian

manifold and grad represents the gradient. The first normed N eignevalues 0 <

λ1 < λ2, . . . λn are chosen as the shape descriptor. In this report, the first 100

eigenvalues are selected as the shape descriptor. Figure 3.8 depicts some examples

of ShapeDNA representation.
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(a)
(b)

(c)
(d)

Figure 3.8: (a) and (c) Eigenvector over the rendered 3D skull surface. The ar-
eas with small eigenvectors are represented with color blue and as the values in-
crease, the color goes from green to red (b) and (d) Plot of 100 eigenvalues forming
ShapeDNA descriptor.

3.3.6 Area of Skull Regions

Finally, the surface area of each local sub-region of skull is computed as additional

features. The skull is initially partitioned in smaller regions along the X,Y, or

Z and the corresponding area is computed following the approach in (Zhang and

Chen, 2001).

3.4 Feature Learning

To further obtain comprehensive representation from the extracted features, two di-

mensionality reduction methods are adopted: Kernel Principal Component Analy-

sis (KPCA)(Schölkopf et al., 1998) and a dictionary learning technique: K-singular

value decomposition (K-SVD) (Aharon et al., 2006).

3.4.1 KPCA

KPCA is a non-linear modification to the standard PCA, which is commonly used

for dimensionality reduction. The essence of using KPCA is to transform the fea-

tures from their current space where they are well correlated to a lower dimensional

space.
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KPCA can be implemented in few steps:

• Select a proper kernel function linear, radial basis function (RBF) and derive

the kernel matrix

K = k(x, xi) = (φ(x), φ(xi)) = φ(x)Tφ(xi) (3.19)

• Compute the Mean and Covariance

Mean :
1

N

N∑
i=1

φ(x) = 0 ; Cov :
1

N

N∑
i=1

φ(x)Tφ(xi) (3.20)

• Solve for the eigenvectors

Eigenvectors : Cv = λv (3.21)

3.4.2 K-SVD

KSVD is a dictionary learning algorithm, which can be implemented as follows:

Find an overcomplete dictionary matrix D ∈ IRn×k that contains K prototype

signal-atoms for columns.

min
D,W
||X −DW ||2F s.t ∀i ||wi||0 ≤ T (3.22)

where X contains the sample data, W is the coefficient matrix, and T is a threshold

value.

• Iteratively minimize Eq. 3.22 by first fixing D and finding the coefficient

matrix W using any pursuit (optimization) method. Then search for a better

dictionary.

• Update one column at a time, fixing all the other columns, and find a new

column dj and new values for its coefficients that best minimize the mean

square error (MSE).

• The solution of updating only one column of D at a time can be directly

obtained through singular value decomposition (SVD).

3.5 Classification

In order to perform classification, support vector machine (SVM) (Cortes and

Vapnik, 1995), kernel extreme learning machine (K-ELM) (Huang, 2014), sparse

representation classifier (SRC) (Wright et al., 2009) are adopted in this thesis.
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3.5.1 Support Vector Predictive Models

Support vector machine (SVM) is a structural risk minimization algorithm based

on statistical learning theory. The main idea of SVM is aimed at finding an optimal

separating hyperplane that sufficiently separates the data. Detailed mathematical

theorems on SVM can be found in (Cortes and Vapnik, 1995). In this thesis, the soft

margin SVM, usually considered when the input data space is not linearly separable

is adopted. In this case, the soft margin hyperplane can be found by incurring slack

variables ξi derived from allowing some errors during training (Cortes and Vapnik,

1995). The problem of finding the hyperplane with minimizing the training errors

can be expressed as follows:

Min:
1

2
w>w + C

M∑
i=1

ξi (3.23)

s.t. yi(w(xi) + b) ≥ 1− ξi, i = 1, . . . ,M

where w is the normal to the optimal separating hyperplane and b is the bias

term. The user defined parameter C in the equation is the cost parameter which

determines the tradeoff between the training error and distance of hyperplane.

The standard SVM is a binary classifier which can also be extended to multi-

classification via 1-v-1 or 1-v-all winner takes all techniques. However, it cannot

be used for regression analysis directly, which the reason why its variant support

vector regression (SVR) has been introduced.

3.5.2 Kernel Extreme Learning Machine (K-ELM)

ELM is a single layer feed forward neural network, with randomly generated hidden

neurons, with the output layer solved analytically. ELM can be used for classifi-

cation, regression, and clustering. The output function of ELM can be written as

(Huang et al., 2006):

f(x) =
M∑
j=1

QjK(xncj + dj) n = 1, 2, . . . , N (3.24)

where cj ∈ R is the randomly generated bias of the jth hidden node and dj ∈ R is

the randomly generated input weight vector connecting the jth hidden node and

input nodes. Qj is the weight vector connecting the jth hidden node to the output

node. K(xncj + dj) is the output of the jth hidden node with respect to the input
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sample xn. Its generalized form can be express as (Huang et al., 2006):

Eβ = T (3.25)

and the output weight β can be obtained by solving the least square of:

β =

(
I

C
+ EE>

)−1
E>T (3.26)

where E is the hidden layer matrix, C is the regularization factor, and T is the

target value.

There are three main steps involved in ELM:

· Randomly assign input weight Qj and bias cj.

· Calculate the hidden layer output matrix E

· Calculate the output weight β by β = E†T .

where E† is the Moore-Penrose generalized inverse of E. ELM can be extended to

the non-linear classification problem by using a kernel function to map the input

feature space (Huang, 2014). Thus the E matrix that contains the randomly gener-

ated neurons can be replaced with a kernel matrix obtained using a transformation

function such as linear, RBF or polynomial.

3.5.3 Sparse Representation Classifier

SRC is based on the concept of compressing sensing and low rank approximation.

The idea is quite straightforward, which is to represent a test sample as a sparse

linear combination of the entire training samples. Intuitively, the sparse coefficients

(non-zeros elements) would denote the training samples that belong to the same

class as the test sample. Much like ELM but without neurons, SRC also depends

on a linear equation z = Ax where A ∈ RN×M training matrix. However, the

problem of SRC is generally formulated as an underdetermined system of linear

equation, thus N < M in the training matrix. SRC was first introduced by Wright

et al. (2009) for face recognition, and since then it has gained wide application in

object recognition problem in the domain of computer vision.

Assuming there are c classes of patterns. Let Ai be the matrix of training

samples of class i. In other words Ai = [yi1, yi2, . . . , yiMi
] ∈ Rd×Mi where Mi is the

number of training samples of class i. Let us define a matrix A = [A1, A2, . . . , Ac] ∈
Rd×M , whereM =

∑c
i=1Mi, so A is a matrix containing all training samples. Given

a test sample z, it can be represented as a linear combination of an overcomplete
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dictionary and sparse coefficients x whose basis lie in the column space of matrix

A i.e z = Ax. The sparse vector x can be obtained via L1 minimization:

x1 = argmin ||x||1 , s.t. Ax = z (3.27)

There are several linear programming algorithms to solve the minimization problem

in polynomial time. Once the sparse solution has been obtained, it will be noticed

that the vector contains few non-zero elements. Thus the classification can be

performed by assigning z to the class with the largest value in x. The corresponding

index to the coefficient indicates the class of z.

3.5.4 Multiple Kernel Learning (MKL)

Besides testing the performance ability of the 6 local shape descriptors indepen-

dently, the potential of MKL to fuse multiple features with different representation

properties is examined. MKL has attracted significant amount of attention in CV

research domain. In this thesis, the soft margin MKL algorithm introduced by

Xu et al. (2013) is adopted, where a kernel slack variable is first introduced for

each of the base kernels when learning the kernel. This approach is advancement

over the MKL algorithm generally regarded as the hard margin MKL (Gönen and

Alpaydn, 2011), which imposes sparsity on a category of features and select the

features that best optimize the object function. The motivation behind MKL is

to combine or fuse multiple kernels or features rather than using a single feature

representation to make prediction, with expectation that such combination lead

to potential gain in performance. Assuming, there is a training set M consisting

of (hi, gi, wi)
M
i=1 where hi is a type of local features of the ith sample and gi is a

another type of features of the same sample, and w = (−1,+1) are the class labels.

The features can be mapped to the reproducing kernel hilbert space (RKHS) with

a kernel function k(·, ·) defined over each of the two feature types. Without loss of

generality, this notion applies to more than 2 feature types.

SVM based MKL

Suppose, there is a set of base kernels K = {K1, . . . KN} for the training set, the

objective of the standard problem solved by the MKL introduced in (Xu et al.,

2013) is:

max
α∈A

min
µ∈M

N∑
n=1

µnSVM{Kn, α} (3.28)
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where, SVM{Kn, α} = −1/2(α � w)′Kn(α � w), αi are the coefficients of the

samples, and µ = [µ1, . . . µN ]′ 1 are the coefficients measuring the importance of

the nth base kernel. A = {α|α′1 = 1, α′w = 0,0 ≤ α ≤ C} is the domain for α

and M = {α|0 ≤ µ,
∑N

n=1 µ = 1} is the domain for µ. For the solution in Eq.

6 a hard margin is constructed resulting in selection of only the most important

base kernel, which eventually defeat the purpose of finding interaction between

different feature set. Therefore, in this thesis, the soft margin formulation is used,

where a slack variable which is the difference between the target margin τ and the

objective, is introduced as:

ζ = τ − SVM{Kn, α} ∀n = 1, . . . N (3.29)

The loss incurred by the kernel slack can be expressed as

ξn = `(ζn) ∀n = 1, . . . N (3.30)

where `(·) is a hinge loss function `(·) = max(0, `n).

1the notation ′ indicates a transpose
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Chapter 4

An Empirical Study on the
Typical 3D Shape Descriptors and
their Patch Representations for
Sex Identification

The best journey of life that you can take is inside
yourself to discover your new thoughts, new ideas,
and new hopes

Debasish Mridha

This chapter presents the experimental attempts on sex determination from

skull data. It provides the detailed description of the methods that have been

explored for pre-processing of the skull dataset, feature extraction, feature learning,

and classification techniques adopted for prediction of demographic characteristics.

4.1 Overview

The approach introduced in this chapter is composed of 4 main stages: 3D data

preprocessing, skull partitioning, feature extraction, and classification as illustrated

in Figure 4.1.

The 3D preprocessing is the stage where the input volumetric PMCT sample of

head region is filtered to reduce noise and smoothen to remove irregularities, then

isosurface (mesh) reconstruction is performed to obtain the skull layer. The stage

of skull partitioning involve dividing the skull into different regions locally along

the X, Y and Z axes, representative of the anatomical axes: axial, coronal, and

sagittal. The feature extraction involves extracting a number of local features on

the reconstructed mesh and the features are learned to derive a set compact and

discriminative representations. Finally determination of sex is performed using

different predictive models.
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Figure 4.1: Structure of sex determination using heuristically partitioned skulls

The focus of this chapter can be summarized as:

• Examine the performance of different 3D local shape descriptors on sex de-

termination.

• Assess the effect of orientation of partition and number of skull partitions on

sex determination.

4.2 Patch based Representation and Feature Aggregation from Heuris-
tically Partitioned Skulls

One of the first main challenges faced in this research is the decision on how fea-

tures extracted on the skull can be represented to offer meaningful and distinctive

interpretation of the skull.

Based on established profound concepts in computer vision, once features have

been extracted on the entire or substantial keypoints subset of a sample data,

the popular techniques that could be considered is to either concatenate the key-

points into a long-tailed feature vector or form compact representation with bag

of words (BoW) model. However, from the initial experiments on the skull data

depicted in Figure 4.6 Section 4.3.2, it has been empirically discovered that these

techniques generally result in a high possibility of features from a particular class

having dissimilar representation and as a direct consequence, features from two dif-

ferent classes may exhibit the same or similar values which reduced the informative

characteristics of such methods.

Therefore, to minimize such inseparability, in this thesis the skull is divided

into different regions. Due to the fact that, there is no information about the

location of the anatomical sites of the skull, the skull is partitioned with equal

spacing along the geometric axes, as this geometric constraint could guarantee

proper region distributions. Then, the entire features from the vertices in each

region are aggregated into a single descriptor by stacking those representations.
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For instance, assuming spin image of 10 × 10 size is extracted from V = 10000

vertices, the spin image descriptors are stacked from each vertex point on one

another and aggregated, which results in a final spin image of 10 × 10 descriptor

size and feature vector of 100 dimensions, as shown in Fig. 4.2. This makes the

representation more distinctive than the long-tailed concatenated or bag of word

representation. Similar approach is used for LD-SIFT by stacking the gradient

features from the keypoints and taking aggregate, which results in a final feature

vector of 128-dimension.

To make the evaluation of the extracted 3D local descriptors comprehensive,

the partitioning of the skull is performed along the X, Y, and Z axes representative

of the coronal, axial, and sagittal axes, as depicted in Fig 4.4 and the number of

regions, N examined in each axis is N = {1 : 2 : 99}. The results attained from

the regions in each axis are illustrated in section 4.3.3.

Figure 4.2: An example of multi-region representation with LD-SIFT. Each color
denotes a partitioned sub-region of the skull.

For MeshLBP, the descriptor extracted is 10 scalar values from 10 rings for

each vertex point, making a V × 10 descriptor matrix, thus a 32 histogram bin is

aggregated for each ring along the vertices and the final feature vector is the con-

catenation of the histograms from the 10 rings (32× 10 = 320 feature descriptor).

32 bins is used to keep the dimension of the feature vector to a reasonable length.

Also, SIHKS is compactly represented in this fashion, using 32 bins histogram bins

to represent each frequency, which yields 32 × 10 = 320 descriptor. Examples of

region partitioning of different sizes are shown in Fig 4.3. The results attained

using the skull as a whole and multi-region partitioning are reported in Section

4.3.
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(a) Full Region (b) 3 Regions

(c) 5 Regions (d) 7 Regions

Figure 4.3: Illustration of multi-region feature representations using different num-
ber of partitions. (b)-(d) show skull partitioning performed along the Z-axis on
skull sample 1

(a) 3 Regions (X-axis) (b) 3 Regions (Y-axis)

Figure 4.4: Some examples of multi-region partitioned skulls along different axes.
(a) on skull sample 7 (b) on skull sample 4

4.3 Sex Determination using Patch based Representations from Heuris-
tically Partitioned Skulls

This section presents the experimental results and performance comparison of the

described feature extraction and classification techniques. In each of the demo-

graphic estimation experiments, the input dataset is divided into 60% and 40%

as training and testing set respectively by random sampling without replacement.

During training a 5-fold cross validation is performed in order to determine the best

model regularization value C (between 2−10 and 210) for SVM, SRC, and K-ELM.

After training is completed, the demographic estimation is achieved by testing the

54



model with the separate unused testing set. Each experiment has been repeated

10 times, with the average of 10 runs calculated as the final estimation result.

4.3.1 Initial Analysis using BoW representation

Initially, the evaluation is performed to investigate the sex determination accuracy

obtainable when the 3D local descriptors are transformed in BoW representation.

As the BoW has commonly been used with SIFT, Spin Image, and HKS, therefore

the technique is adopted to form compact description of those descriptors. To

use the BoW compact representation, 35 samples from the training set of nearly

equal number of males and females are randomly chosen to build a codebook

(or dictionary). The codebook is generated by sampling 3000 points from each

cranial for k-means clustering. For instance, with LD-SIFT the selected subset

points (3000× 35) are clustered using k-means with 200 clusters (200 clusters has

been shown to be reliable for BoW representation in computer vision applications

(Lazebnik et al., 2006; Scovanner et al., 2009)). After obtaining the cluster centres

(codebook), each new cranial data is projected into the codebook to find the points

that lie close to the cluster centres. By using max pooling the visual features

for a cranial is summarized into 64 bins histogram. The results obtained using

KELM, SVM, SRC classifiers are presented in Table 4.1. When the entire cranial

is considered for classification with K-ELM classifier, the sex prediction accuracy

attained by LD-SIFT is 50%, Spin Image attained 67.5%, and SIHKS provided

50% accuracy. This initial results show that the representation derived using long

tailed feature vectors with bag of word model do not offer distinctive information

to properly distinguish between the two class of sex.

Table 4.1: Sex prediction results using long tailed features with BoW representation

Feature Extraction Classifier Full (%) 3 Regions (%) 5 Regions (%) 7 Regions (%)

SIHKS
KELM 50 67.5 60 60
SVM 51.1 67.5 60 55

Spin Image
KELM 67.5 60 56 62.5
SVM 67.5 62.5 57.5 68

LD-SIFT
KELM 50 60 57.5 45
SVM 50 62.5 57.5 53

4.3.2 Initial Analysis using Stacked Representation

Since BoW does not seem to be useful for cranial sex prediction, the second rep-

resentation technique describe in section 4.2 is evaluated. For this purpose also,

whole skull is initially used for feature representation (the prediction results are

indicated in column ”Full”), before partitioning the skulls in different sub-regions.
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All experiments are evaluation using the 4 local feature descriptors. By examining

the use of the full skull, but with the stacked representation of local descriptors

from multiple points, LD-SIFT attained a prediction rate of 56%, Spin Image pro-

vided 69%, the result of SIHKS is 45.3%, while MeshLBP attained a prediction rate

of 67.1%, as shown in Table 4.2. With SVM, the recognition generally improved

by atleast 2.5% in most cases. For example, the result of Spin Image increased to

72.3%, while MeshLBP increased to 71.5%. This can be attributed to the mini-

mization of correlation among features since all points are summarized into a single

entity and also the ability of SVM to attain very good generalization on unseen

test set.

Table 4.2: Sex prediction Results with stacked features

Feature Extraction Classifier Full (%) 3 Regions (%) 5 Regions (%) 7 Regions (%)

LD-SIFT
KELM 66 68.5 76.5 72.5
SVM 63.5 68 76.5 73
SRC 68 73 73.75 74.5

Spin Image
KELM 74 76 80 75
SVM 74 74.5 82 76
SRC 72.25 71.5 80.5 73

SIHKS
KELM 45.3 51.1 56.6 50
SVM 46.2 48.9 54.4 56.7
SRC 63.5 56.5 62 60.5

MeshLBP
KELM 63.5 74 80.25 70
SVM 58 74.5 82 64
SRC 62.5 73 80 60.5

LD-SIFT + KPCA
KELM 65 67.5 68 72.5
SVM 68 75 77.75 74
SRC 68 67.5 72 74.5

Spin Image + KPCA
KELM 77 73 82.5 75
SVM 77.5 81.5 83 76.5
SRC 71 73.5 81.75 73

SIHKS + KPCA
KELM 51.1 56 52.5 55
SVM 53.5 47 52 53.5
SRC 52 52 54.3 51

MeshLBP + KPCA
KELM 58.5 80.5 85.25 66
SVM 59.5 77 86 70
SRC 60.5 70 81.3 70

LD-SIFT + KSVD
KELM 67.5 74.5 75 67
SVM 60 68 68.5 67
SRC 55 64 68 64.5

Spin Image + KSVD
KELM 75 76 83 75
SVM 60 74.5 75.5 71
SRC 59.5 61 76 65

SIHKS + KSVD
KELM 44.5 57.6 51 60
SVM 56 58 48 51.5
SRC 61 55 49.5 59.5

MeshLBP + KSVD
KELM 49 69.5 83 70.5
SVM 51 60.5 80 55
SRC 51.5 65.5 74.5 55

To investigate the influence of different regions on prediction accuracy, the
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multi-region representation approach described in Section 4.2 is explored. Using

SRC and region partitioning into 3 regions, the prediction is between 56.5 and 73%

for the 4 local descriptors. Using KPCA and KSVD for dimensionality reduction

and feature learning the performance decreased by atleast 5% for all descriptors,

as shown in Table 4.2. It was noted that probably no good subspace can be found

to represent the data at lower dimension for 3 sub-region partitioning. However,

by dividing the cranial into 5 sub-regions, significant improvement is observed in

the performance of MeshLBP, LD-SIFT, and spin image, as shown in Table 4.2.

In this case, the best results was attained using KPCA with spin image. In Fig.

4.5, an example of real testing scenario is illustrated, where the test sample is

subject number 11 (male subject). The training matrix depicted on the right side

of the figure demonstrate the sparse coefficients learned from the training matrix

containing male and female subjects. Notably is that the largest coefficient value is

found at the index of subject number 8 (also a male subject). This directly signifies

that both samples belong to the same class. In this experiment, careful tuning of

the regularization value resulted in better sparse vector but at the detriment of

sex classification performance, hence the regularization value that provided the

best performance was selected. However, despite the coefficients not being totally

sparse, it still produced a classification performance of 81.75%. It can also be

concluded from this experiment that 5 sub-region partitions is reliable enough for

cranial sex prediction, as it can be seen in Table 4.2 that the results decreased

drastically using 7 sub-regions.

Figure 4.5: A valid SRC test. The skull on the left belongs to subject number 11,
which is in the test set. The figure on the right illustrates the learned coefficients
on the training matrix, with largest coefficient found as subject number 8. As a
result, the test shows that these two samples belong to the same class (male).

57



Using KELM classifier on 3 sub-regions, the 4 descriptors provided a results

between 51.1 and 76 %, with KPCA the results ranged between 56 and 80.5%,

while KSVD yielded prediction rates between 57.6 and 74.5%. Similar to the case

of SRC, the prediction results improves by dividing the skulls in 5 sub-regions with

the best result 85.25% attained using MeshLBP and KPCA, as shown in Table 4.2.

Moreover, it can be noticed that the performance decreased when the skulls are

partitioned into 7 sub-regions. With SVM classifier, the results are quite close

to that of KELM, and the best prediction 86% is attained using MeshLBP and

KPCA on 5 sub-region of the skull, as highlighted in Table 4.2. In Section 4.3.3

to make the evaluation of the extracted 3D local descriptors comprehensive, the

partitioning of the skull is performed along the X, Y, and Z axes, as depicted in

Fig 4.4 and the number of regions, N examined in each axis is N = {1 : 2 : 99}.
In order to support the claim in Section 4.2 that stacked representations are

more distinctive than long tailed representation, the two sample student’s t-test

evaluation is conducted on the extracted features from skull. The test is used to

obtain a decision for the null hypothesis that the data in two feature vectors come

from independent random samples from normal distribution with equal mean and

unknown variance. The alternative hypothesis is that the two feature vectors come

from distribution with unequal means. The p values from the test offer a sense of

how the features can separate the two classes. Besides, to understand the visual

interpretation of the result, the empirical cumulative distribution function of the

p values can be plotted as depicted in Figure 4.6.

(a)
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(b)

Figure 4.6: Student’s T-test conducted on extracted features (a) Long tailed feature
representation (b) Stacked feature representation

The figures show that long tailed features are not distinctive enough for sex

determination as the plot of cumulative distribution function against different p-

values of t-test is linear, while the stacked feature representation indicates a higher

CDF for small p-value of the t-test.
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4.3.3 Effect of Number of Patches and Partition Orientation on Sex
Prediction

This subsection demonstrates how the orientation of partition and the number of

skull partition influence the results of sex prediction. These evaluations are divided

into 2 categories, where the 1st evaluation involves using ordinary 3D local descrip-

tors to train the 3 predictive models and the 2nd evaluations involves using KPCA

and KSVD to learn compact representation from the feature vectors before clas-

sification. In the first evaluation, the skulls are initially partitioned into different

regions, and the local features are extracted, aggregated and finally concatenated

from all regions before serving as an input to the predictive models. It can be

noticed in Fig. 4.7 that partitions derived from Z-axis generally provided the best

prediction rates, particularly using MeshLBP as these results remain consistent

across the 3 predictive models. When the MeshLBP features extracted from par-

titions in the Z-axis are used to train KELM classifier, the highest prediction rate

obtained is 80.25 %, SRC classifier showed similar performance with a prediction

rate of 80 %, while with SVM classifier the highest prediction rate is 82 %. More-

over, in all experiments, MeshLBP showed better performance than region area,

ShapeDNA, SI-HKS, LD-SIFT, and Spin Image local descriptors.

Whereas, the Y-axis in some cases showed comparable trend in performances,

especially using LD-SIFT and Spin image local descriptors, which also remain

consistent across the 3 classifiers. For instance the prediction results of spin image

are 76.25 %, 73.5 %, 73 % using KELM, SRC, and SVM classifiers respectively.

However, for MeshLBP it can be seen that the prediction results achieved from

partitions in X and Y axes are lower that those from Z axis. Besides that, it

is observed that the effect of increase in number of partitions is not so evident

in all experiments, except for MeshLBP where the prediction results peaked at 5

regions before deteriorating as the number of partitions approach 99 regions. With

region area, ShapeDNA and SI-HKS the performances are neither influenced by

orientation of partition nor number of regions as the prediction rate is generally

less than 70% in the 3 predictive models. Thus, leading to the conclusion that the

SI-HKS descriptor is not suitable for sex prediction from human skulls.

In the second evaluation, KSVD and KPCA are used to learn compact repre-

sentations from the local features prior to classification, which significantly reduce

the dimensionality of the feature vectors. Using KSVD, a slight improvement in

the performance of the local descriptors can be noticed. For instance, MeshLBP

increased from 82% to 83% using KELM classifier, while the results using SRC

and SVM also increase by atleast 1 %. Similarly, the prediction rates of LD-SIFT
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and Spin image increased across the 3 classifiers. Meanwhile, a similar trend in

prediction results with respect to the orientation of partitions can be observed from

the results in Fig 4.8, as the Y-axis tends to exhibit comparable performance to

the Z-axis partitions.

Using KPCA, improvement in prediction results, especially in the case of spin

image and MeshLBP where the prediction rates increased to 85.5% and 86% re-

spectively can be observed, as depicted in Fig. 4.9. In addition, it is obvious

that the partitions derived from the Z-axis provided better results than X and

Y-axes. Also, increasing the number of partitions resulted in reduced prediction

results for MeshLBP, however the trend is only slightly evident for spin image and

LD-SIFT. Overall, SVM classifier showed better prediction performance than SRC

and KELM.

4.3.4 Sex determination using MKL on Multiple Features

The essence of the experiments in this section is to investigate the possibility

of using MKL to integrate information from multiple features. As such, in this

experiment, the linear kernel function is used for mapping each local feature, which

are then combined in the MKL algorithm. The focus is placed on LD-SIFT, Spin

image, and MeshLBP since these 3 feature representation methods showed better

performance than region area, ShapeDNA and SI-HKS in Section 4.3.3. Using

this algorithm 4 different sets of combination are performed with respect to the

orientation of partition (X,Y,Z) and number of regions (1 : 2 : 99). Particularly,

the following fusion have been examined:

• LD-SIFT + MeshLBP

• Spin Image + MeshLBP

• Spin Image + LD-SIFT

• Spin Image + LD-SIFT + MeshLBP

The results attained are illustrated in Fig 4.10. Learning a multi-kernel rep-

resentation for LD-SIFT + MeshLBP the best prediction rates attained are 72.5

% (X-axis), 71.5 % (Y-axis), and 78 % (Z-axis). With Spin image + MeshLBP

the prediction rates are 72 % (X-axis), 70 % (Y-axis), and 86 % (Z-axis), while

the results of Spin Image + LD-SIFT are 79.5 % (X-axis), 72.5 % (Y-axis), and

85.5 % (Z-axis). Similar to the case of single descriptor, it can be noted that the

partitions derived from the Z-axis provided better performance than X and Y axes

in all experiments.
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Figure 4.10: Results of sex estimation based on orientation of region partition and
number of regions using MKL

Moreover, the influence of number of regions is slightly evident on the results

of Spin image + LD-SIFT and Spin + MeshLBP, as the peak recognition rate is

achieved at 5 regions before receding as the partitions approach 99 regions. How-

ever, no significant impact of number of region can be observed on the prediction

rates of LD-SIFT + MeshLBP. Finally, the combination of Spin image + LD-

SIFT + MeshLBP is attempted, but the prediction results only decreased on the

3 orientation of skull partition, indicating less compatibility among the 3 features.
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Quite interestingly, Spin + MeshLBP produced the most compatible combination

as the prediction rate of 86 % is comparable to the benchmark attained with sin-

gle descriptor. It can be denoted from these experiments that MKL is useful for

sex prediction from human skulls albeit the selection of the most compatible 3D

local descriptor seems to be necessary. Unlike the soft margin MKL which tries to

induce information from multiple sources, the hard margin MKL based on primal

formulation, which imposes penalty on the features and selects those that best

optimize the objective is also tested. However the results as shown in Figure 4.11

are not so promising compared to the soft margin MKL. This can be attributed

to the fact that the hard margin MKL tends to be dependent on the discrimi-

native ability of the base kernels (Gehler and Nowozin, 2009). Thus, in a case

where the single features are already discriminant, the hard margin MKL will be

unable to exhibit any better performance than the single features. On the other

hand, this indicates that if the single features are not discriminant such as heat

kernel signature or ShapeDNA, their combination will have a negative impact on

the performance unless they can be singled out.
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Figure 4.11: An example of sex identification using hard margin MKL with primal
formulation for 3D feature combination.

4.4 Conclusion

In this chapter, several analyses of sex determination techniques based on patch

based representations has been presented. A technique for deriving patch represen-

tation of mesh points from different skull orientation and at different multi-levels,

covering large patches (3 patches) to very small patches (99 patches) has been in-

troduced and evaluated using feature learning methods and predictive models. The

results indicate that patch based features derived from partitioning the skull are
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suitable for sex identification from 3D skulls, with the representation derived using

MeshLBP producing the best prediction rate of 86%. Partitioning the skull along

the Z-axis tends to produce the best prediction results (since it is less affected by

imperfect skull alignment), although other orientations (X and Y) provided very

competitive results. Moreover, it is observed from the results that the effect of

number of partitioning (patches) on the prediction results has no statistical sig-

nificance. Furthermore, empirical evaluation of combination or fusion of different

feature representations using MKL attest to the possibility of learning information

from more than one source. Similarly, it is observed that number of partition, as

well as orientation of partition have no significant effect on the prediction results.

The empirical evaluation in this Chapter is essential for gaining profound un-

derstanding of the dimension in which sex determination can be approach using CV

based methods. Classic forensic based methods make use of manually localised and

quantified information, which inherently makes challenging issues such as improper

alignment/registration, unwanted noise, and comprehensive feature representation

negligible. However, it is counter-intuitive because the developed system will have

to operate manually in stages with immense human intervention. To function au-

tomatically will require addressing those challenging issues. For instance, noise

removal is necessary in an automated system to eliminate the influence of outliers.

Furthermore, this Chapter has shown through empirical evaluation the usefulness

and weakness of different local features, as well as the effect of the representation

strategy (whether long tailed representation or stacked representation), which has

not been considered previously in the literature. Also, it has demonstrated through

several experimental evaluations that accurate skull alignment/registration is not

necessary, as it can be seen that the results from varying axes are competitive.
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Chapter 5

A Pseudo Anatomical Region
based Patch Representation

You can’t solve a problem on the same level that it
was created. You have to rise above it to the next
level

Albert Einstein

This chapter presents the further experiments conducted on sex identification

from 3D skulls by representing local patches of the skull according to the skull

anatomical structure. The proposed approach in this chapter involves 3D skull

preprocessing, skull partitioning into pseudo-anatomical regions, 3D feature rep-

resentation and classification. Due to the fact that 3D preprocessing and feature

extraction have been discussed in Chapter 3, thus the focus in this chapter is di-

rected to how the skull can be partitioned into local regions which share similarity

to anatomical structures.

5.1 Overview

With understanding from Chapter 4 that different orientations of skull partition

produced prediction results that are rather similar in trend, it will be worthwhile

to introduce and investigate a different approach of partition which is more geo-

metrically sound, covering all 3 orientations at a time, as well as, incorporating

the anatomical structure of the skull. The aim of this Chapter is to:

• Establish correspondence among skull samples through 3D registration.

• Examine the performance of sex determination using structural skull parti-

tioning which is referred to as pseudo-anatomical partition.
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The proposed approach initially commence with 3D preprocessing, where the

input volumetric PMCT samples are filtered to remove noise and isosurface (mesh)

reconstruction to obtain the hard tissue (skull layer). Skull partitioning is per-

formed by first registering the skull samples to a model skull using coherent point

drift (CPD) to establish correspondence and using fuzzy c-means to cluster the

skull into different regions. Then 3D local shape features are extracted on the

partitioned regions to derive a set of compact and discriminant representations.

Finally sex determination is performed using different predictive models as shown

in Figure 5.1.

Figure 5.1: Structure of sex determination using anatomically partitioned skulls

5.2 Related Works on Skull Partitioning

In understanding the structural details of different skull regions, it is essential to

deploy computational methods for partitioning the 3D skull into small regions.

This is unlike the traditional or conventional forensic approach where manual

mode of segmentation or partitioning is usually adopted prior to such analysis.

Manual segmentation is the common practice particularly in morphological assess-

ment (Walker, 2008). However, from the literature there are limited number of

research reporting an automated mode of skull partitioning (AbdelFatah et al.,

2013; Musilov et al, 2017). Nevertheless, there are a number of instance where

3D mesh requires partitioning into several sub-regions. As such, 3D mesh parti-

tioning is rather well covered in object recognition than forensic analysis due to

the necessity in that research domain (Attene et al., 2006). Due to the large body

of literature on mesh segmentation, a number of notable classic approaches are

discussed in this Section.

Region regrowing is one the commonly used concepts in mesh segmentation.

Algorithms in this realm normally start by selecting a few seed points, which can

be chosen randomly or computationally determined using some geometrical crite-

ria. Each region is then segmented by expanding the corresponding initial seed
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(Attene et al., 2006). Vieira and Shimada (2005) proposed a region growing al-

gorithm which initially uses the noise and curvature of each vertex to partition

the mesh into regions with fundamentally different characteristic shapes and then

use these regions to create seed regions for region growing. The aim is to maxi-

mize the number of connected vertex points approximated by a single underlying

surface at each vertex point by alternating between region growing and surface

fitting. The process is finally completed by filling segment holes created by outlier

noise. The curvedness of 3D mesh, which is invariant to rotation and translation

has been computed as a geometrical criteria (Jagannathan and Miller., 2007). To

obtain the segmented parts, the curvedness values are used to adaptively determine

the curvedness thresholds for segmentation by iterative morphological operation

composing of graph dilation and morphological filtering of outlier vertex points.

Shapira et al. (2008) proposed the used of shape diameter function (SDF) as a

criteria which captures the link between an object’s volume and its boundary. The

motivation behind this idea is to create a low pass filtering to the shape-diameter

measure by examining the diameter in the neighborhood of each point on the sur-

face. Vo et al. (2015) proposed a coarse to fine point cloud segmentation approach.

The authors initially converted the point clouds into voxel representation and the

voxels are grouped into adjacent voxels possessing similar characteristics. Then,

region growing is performed on the octree-based voxelized representation of the

input point cloud to extract the coarse segments and the output is passed through

a refinement process. In a different approach, segmentation can be achieved by

hierarchical processing of object’s sub-part. Lai et al. (2008) extended the random

walks algorithm to 3D mesh segmentation. The approach depends on 2-stage pro-

cess, where the first stage first uses a set of automatically selected seed points to

oversegments the mesh, and then merges these initial regions to produce the final

regions. While region growing seem to be easy to implement, the main limitations

of region growing are the dependency on multiple criteria and selection of seed

points, which has no generally acceptable form of definition.

An alternative mode of segmentation is through clustering and one of the most

commonly used algorithms in this domain are fuzzy clustering, k-means, and GMM

(Katz and Tal., 2003; Sharma, 2009; Tsuchie, 2014). Clustering based techniques

for segmentation are robust since they do not require seed points and the effect

of the chosen geometrical criteria is highly minimal as the clustering itself can be

performed directly on the mesh points.

Some authors have focused on using spectral analysis for mesh segmentation,

which still remains an active area of research. Spectral analysis basically involves
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the analysis of the eigenvalues and eigenvectors of a defined matrix. segmentation

based on spectral analysis can be considered as the use of clustering on a graph

which composes of vertices and edges in a mesh. From the on set the algorithm re-

quires construction of an affinity matrix which will be used to derive a graph Lapla-

cian matrix, which subsequently leads to solving the eigendecomposition problem

on the laplacian matrix. Different authors have shown diverse methods of obtain-

ing the laplacian matrix. For instance Liu and Zhang (2004) performed spectral

clustering on 3D meshes by solving for the eigenvectors of a distance-based affinity

matrix and segmented the mesh into k submeshes using clustering such as k-means

on the largest eigenvalues of the normalized affinity matrix. The approach was fur-

ther modified, where a partial construction of affinity matrix is required (Zhang

and Liu, 2005). The algorithm is integration of recursive spectral two-way cut

and Nystrom approximation. McGraw (2015) proposed a simple and flexible tech-

nique to mesh segmentation based on non-negative matrix factorization (NMF).

Similar to the case of spectral analysis, the authors constructed an affinity matrix

to obtain the geometric properties of the mesh. Spectral based segmentation is

intuitively sound from algorithmic point of view. However, the main challenge

is the issue of computational complexity, especially when attempting to solve the

eigendecomposition for a large 3D mesh.

5.3 Pseudo-anatomical Partitioning

Pseudo anatomical skull partitioning is an automated partitioning of the skull

into sub-regions that partially represent the local anatomical sites of the skull.

Partially anatomical means the regions are not exactly the anatomical sites in

standard forensics per se (since they are not annotated by forensic experts), but

they reflect the geometric locations of those regions on a 3D skull. This inherently

enables the possibility of approaching the partitioning as a standard clustering

problem, which further gives the liberty to express those partitions from coarse to

fine scale.

5.3.1 Coherent Point Drift

In order to achieve the goal of pseudo-anatomical partitioning, skull registra-

tion is first performed using coherent point drift (CPD) (Myronenko and Song,

2010) based algorithm. CPD uses a probabilistic method to align the centroids

of gaussian mixture models (GMM) of two independent datasets, such that when

a sample optimally aligns to the other, the maximum of their posterior probabil-

ities is reached. Let M|M|×d =
(
u1, u2, . . . u|M|

)T
be the model 3D points and
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T|T |×d =
(
u1, u2, . . . u|T |

)
the target 3D points, where d is the dimension of the

3D points and |M| and |T | indicate the number of vertices in the two 3D data

respectively. The operation of CPD is to compute the weighted GMM probability

density function by taking extra outliers into consideration as (Myronenko and

Song, 2010):

p(T ) = ω
1

|T |
+ (1− ω)

|M|∑
|m|=1

1

|M|
p(T | M) (5.1)

where p(T |M) = 1

(2πσ2)
d
2

exp
(
− ||T −M||

2

2σ2

)
. Hence, the algorithm uses the expectation-

maximization (EM) method to find the 3D transformation parameters Θ = (φ, σ).

During the E-step of i-th iteration of the EM algorithm, the posterior proba-

bility of GMM is computed using (Min et al., 2016):

p(i)(M | T|T |) =
exp

[
−1

2
‖ T|T |−Tr(M|M|,φ

(i))

σ(i) ‖2
]

∑|M|
|m|=1 exp

[
−1

2
‖ T|T |−Tr(M|M|,φ

(i))

σ(i) ‖2
]

+ (2π(σ(i))2)
d
2 ω

1−ω
|M|
|T |

(5.2)

where Tr(M|M|, φ
(i)) is the transformation parameters of the GMM centroids.

In the M-step, a new set of parameters is derived by solving for the upper bound

limit of a log-likelihood function L(Θ) (Min et al., 2016; Myronenko and Song,

2010):

L(Θ) = log

 |T |∏
|t|=1

p(M|M|)

 =

|T |∑
|t|=1

log

|M|+1∑
|m|=1

p(M) p(T|T | | M) (5.3)

Computationally, the complexity of CPD is O(|M|3) (Myronenko and Song,

2010), which means that the computation increase dramatically as the number of

3D vertices increase. Considering the 3D skulls used in this thesis, the number

vertices even after downsampling (in Section 3.2.1) is close to 130,000 vertices,

thus CPD is not directly useable for the 3D skull data.

5.3.2 Ensemble CPD

The original CPD is not implementable directly on a huge point set such as the

3D skull considered in this research. As such, a new computational improvement

is proposed to the CPD using random data sampling without replacement (taking

into consideration the spatial contiguity of the data points) and batch-by-batch

registration.
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Sampling without replacement involves selecting a sample at random from a

population and the sample is not returned to the main lot (in this case, the vertices

of the 3D skull is referred to as the population and a vertex point is a sample). The

first sample is selected out of the population of size |M| and the second sample is

selected out of the remaining population of |M| − 1 samples, which is continued

until all samples are selected. In other words, there is a decrease in the population

size as the sample size |m| increases. More importantly, the sample size |m| cannot

be greater than the population size |M| and once a sample has been selected, it can

not be chosen again. Hence, all the selected samples are different to one another.

To improve the CPD, the original vertex points of skull are divided into different

batches using random sampling without replacement. The random sampling is

performed, taking the spatial contiguity of the points into consideration. Then,

the algorithm uses a global tolerance function which minimizes till it converges

to a particular global error value or reaches the maximum number of iterations.

In order to register a particular, the CPD algorithm is used to register the two

data samples as [err, transf, corr] = CPD(sample1, sample2), where err is the

iteration error of registration, transf is the transformation matrix, and corr is

the correspondence index. The iteration error err is derived as a function of the

distance between the model and registered sample, which is then divided by the

maximum distance and tunable tolerance parameter τ that controls the rate of

convergence of the error. This process is performed for all the batches until the

maximum number of iterations is reached or the error is greater than the preset

tolerance values. The procedure of the proposed improved CPD is as illustrated in

Algorithm 1:
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Algorithm 1 Ensemble CPD

Input: Model sample M, Target sample T , maxitr, tolerance, τ
Divide M into {M1,M2, . . .MJ} subsets and T into {M1,M2, . . .MJ}
batches
for each itr do

for all J, RJ ← TJ do
for each subset j do

[err, transf, corr] = CPD(Mj,Rj)
Rj = transf ∗ Rj

D = dist(Mj,Rj)
end for
err =

∑
D

Max(D)∗τ
end for
if err ≥ τ then

Stop iteration
else if itr ≡ max itr then

Stop iteration
end if
All corr = [corr1, corr2, . . . corrJ ]

end for
Output: All corr

In order to demonstrate the effectiveness of the proposed method, 5 sample

3D shapes are selected from the Shape Analysis Research Project (SHARP 3D) 1

dataset, which are (Bunny, 3D face, Cartilage, Vase, and Rocker Arm) to compare

Ensemble CPD with standard CPD and non-rigid ICP. The results in terms of

registration time and error are illustrated in Figure 5.2 and Tables 5.1 and the

convergence error with respect to the iterations in Figure 5.3.

1https://www.itl.nist.gov/iad/vug/sharp/
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Figure 5.2: Comparison of registration methods. Blue color indicates the source
(model) data, while red color is the registered data.

Table 5.1: Computational time of registration

Methods Face Bunny Cartilage Vase Rockerarm
Non-rigid ICP 0.86 0.84 15.87 0.17 1.73

CPD 3.85 23.09 34.07 2.36 12.21
Ensemble CPD 0.18 0.89 2.54 0.44 1.7
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Table 5.2: Registration error based on distance between model and registered
target

Methods Face Bunny Cartilage Vase Rockerarm
Non-rigid ICP 0.0163 0.0923 1.618 0.017 0.014

CPD 0.0150 0.070 1.607 0.0523 0.065
Ensemble CPD 0.0159 0.091 1.743 0.0268 0.083
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Figure 5.3: Registration error with respect to iterations on the 5 datasets.

The proposed skull registration method outperforms non-rigid ICP and im-

proves the original CPD in terms of computational cost and time as shown in Table

5.1. In fact the original CPD and non-rigid ICP are not usable on huge point set

as the computational requirement significantly exceeds the memory capacity of the

PC.

All cases of experiments on large point set returned an out of memory error 2.

2The computer used for the experiments in this thesis is a workstation which runs on Quad
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However, using the data splitting approach of the proposed method such challenges

have been mitigated and the registration time is greatly improved. However, such

improvement is at the detriment of the registration error, as it can be noticed

that the registration error of the proposed method is higher than CPD as shown

in Table 5.2. This is because the solution provided by the proposed algorithm is

sub-optimal since the original data has already been divided into smaller subset

reducing the original intrinsic structure of the data.

5.3.3 Application of Ensemble CPD to Skull Registration and Parti-
tioning

During registration, a model skull is used to register each of the remaining sample

set to obtain their correspondence. The skull registration is first performed for

the skull samples using the improved coherent point drift (CPD) Myronenko and

Song (2010). Let M =
{
u1, u2, . . . u|M|

}
and T =

{
u1, u2, . . . u|T |

}
be the model

skull point set and target skull point set respectively, where ui, i = 1, . . . |M| and

vi, i = 1, . . . |T | are 3-dimensional coordinates of points, and | · | represents the

cardinality of a set. Without loss of generality, it is assumed that |M| ≤ |T |.
C : {1, . . . , |M|} → {1, . . . , |T |} can be defined as one-to-one mapping such that

∀k ∈ 1 . . . , |M|, ∃` ∈ 1 . . . , |T |, F (UC(k)) = V`, or simply denote C(k) = `,

where F denotes a registration function such as CPD. Note that, if C(k1) = `1,

C(k2) = `2, and k1 6= k2, then `1 6= `2.

Afterward, the model skull is selected for pseudo-anatomical region partition-

ing by clustering the mesh points using Fuzzy c-means (FCM). Once the model

skull has been partitioned, the remaining samples are similarly partitioned by

propagating the clusters from the model skull to the remaining samples. As-

sume that M is partitioned into N clusters, i.e M =
⋃N
i=1Mi , then the

target is partitioned at least into N sets Ti ⊆ T , i = 1, . . . , N such that

Ti = {V` ∈ T | ∀k, Uk ∈ Mi, C(k) = `}. Examples of pseudo-anatomical

skull partitions on different skulls are shown figure 5.4.

5.3.4 Feature Extraction on Skull Partitions

From each region (partition) the 3D local shape features such as MeshLBP, Spin

Image, and LD-SIFT are computed and aggregated. For instance, to extract

MeshLBP in a local region, each mesh point takes a set of ring neighbors (10

rings are used in this thesis). Then, the local difference between the primitive

function (e.g gaussian curvature) of a mesh point and that of its ring neighbors is

Core Intel Xeon with a memory of 8GB RAM.
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(a) sample 1 (b) sample 2

(c) sample 3 (d) sample 4

(e) sample 5 (f) sample 6

Figure 5.4: Pseudo-anatomical Skull partitions of 6 different samples showing the
locations of 5 regions (patches) of the skulls.
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calculated as expressed in Eq 3.14. The MeshLBP is computed for r number of

rings. Computing this for all mesh points T result in a |T | × 10 binary pattern as

in Algorithm 2.

Algorithm 2 Pseudo-anatomical partition and feature extraction

Input: Model skull M, Target skull T , Number of scales N
Cluster M into N clusters using FCM, obtaining {M1,M2, . . .MN}
for i = 1, . . . N do

find Ti in T according to Mi

end for
for Ti, i = 1, . . . N do

for j = 1, 2, . . . dim(Ti) do
Compute MeshLBP using (3.14) for Pj in Ti

end for Aggregate to form MeshLBP (Ti)
end for
RegionLBP = [MeshLBP (T1),MeshLBP (T2), . . .MeshLBP (TN)]
Output: RegionLBP

The patterns serve as the feature descriptors. In each sub-region TN the ring

descriptors are stacked on each other and the binary features are aggregated along

each ring into 32-bin histogram, making a 32 × 10 = 320 local features 3. Fi-

nally, the resulting feature descriptors from each partition (sub-region) are con-

catenated (making 320×N feature vector) as depicted in Figure 5.5 for classifying

the skulls into different sex groups. Furthermore, kernel principal component anal-

ysis (KPCA) and k-singular value decomposition (K-SVD) are adopted to reduce

the dimension of the features and predictive models such as SVM, SRC, and KELM

are used for classification.

Figure 5.5: Illustration of patch representation of 3D local shape descriptors from
pseudo-anatomical regions.

3The aggregation is based on stacking the features on one another and computation the
summation
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5.4 Sex Determination from Pseudo-anatomical Patches

This section presents the experimental results and performance evaluation of us-

ing 3D local shape descriptors for forming patch based representation from the

derived pseudo-anatomical regions, and classifying the sex of human skull. The

experiments are conducted on 100 samples, where 60% of the dataset are utilized

for training and 40% for testing. During the training phase a 5-fold cross validation

is performed to determine the best regularization parameter, where λ = [2−10 : 210].

After discovering the best regularization value, the model is tested with the remain-

ing 40% testing samples. All experiments are repeated 10 times and the average

is computed as the final sex prediction result.

5.4.1 Effect of Number of Pseudo-anatomical Regions on Sex Deter-
mination

This section of thesis demonstrates the influence of number of pseudo-anatomical

regions the skull is partitioned on sex determination, as well as the effect of the

choice of 3D local descriptors (MeshLBP, LD-SIFT, and Spin Image) and classifi-

cation techniques. In light of this, each skull sample is partitioned into N regions

from {1 : 2 : 99}. Thus, each skull in the dataset is partitioned into different re-

gions, and a 3D local descriptor is computed for each vertex point in the region,

which are then aggregated and concatenated to form the feature vectors as shown

in Figure 5.5

Initially, the original 3D local shape descriptors are used to train and test

the 3 predictive models (SVM, KELM, and SRC) and the results are depicted

in Figure 5.6. From the experiments, it is observed that LD-SIFT produced the

most impressive performance with sex determination result of 85.7% using SVM

classifier, while the best results of MeshLBP and Spin Image are 85% and 75.5%

obtained using SVM and KELM classifiers respectively. Subsequently, the 3D

local shape descriptors are processed using dimensionality reduction algorithms

such as KSVD and KPCA to improve the compactness and representative nature

of the features. The experimental results show that using MeshLBP with KPCA

and SVM classifier, a sex determination performance of 86% can attained, Spin

Image with KPCA and SVM also produced a prediction rate of 86% and LD-SIFT

provided the best prediction performance of 86.5% with KPCA and SVM. The

results attained with SRC and KELM classifiers using either KPCA and KSVD

are generally not as good as SVM classifier.
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Figure 5.6: Sex prediction results for different number of regions (1 - 99) from
pseudo-anatomical partitions using different feature extraction and classification
methods.

In summary, the prediction results obtained in these experiments exhibit per-

formance trend which are similar to the one in Chapter 4. The number of regions

considered for partitioning the skull does not have significant impact on the predic-

tion results. Also the feature representation methods appear to produce competi-

tive results, though spin image and LD-SIFT slightly outperformed MeshLBP. This

can be attributed to the fact that spin image and LD-SIFT have better strategy

of encoding orientation information.

5.4.2 Sex Determination using MKL

This section presents the experiments conducted using MKL algorithm to integrate

multiple features for sex determination. The theory behind MKL has been pre-

sented in Section 3.5.4. Thus, this experiment focuses on fusing the 3 local shape

descriptors: LD-SIFT, Spin image, and MeshLBP, where a linear kernel function

is used for mapping each local feature, which are then combined in the MKL algo-

rithm. In essence, 4 different forms of combination as listed below are performed

to derive the sex prediction results.

• LD-SIFT + MeshLBP

• Spin Image + MeshLBP

• Spin Image + LD-SIFT
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• Spin Image + LD-SIFT + MeshLBP

In accordance to the mode of evaluation performed in Chapter 4 and Section

5.4.1, the number of regions the skull is partitioned into is considered as the basis

of evaluation in this section, while also examining the prediction outcome of each

feature combination. The results attained in the experiments are illustrated in

Figure 5.7. Through the combination of LD-SIFT + MeshLBP using MKL frame-

work the best prediction rate attained is 82.5% , Spin image + MeshLBP provided

a result of 83, Spin image + LD-SIFT provided the best prediction result with an

accuracy of 85%, while the prediction result of Spin Image + LD-SIFT are 82 %.

This shows that the combination of spin image and LD-SIFT is more compatible

than using MeshLBP. This can also be attributed to the share similarity in the en-

coding strategy of the two local features, for instance, both features are keypoint

based and have a mechanical for computing keypoints’ orientation and magnitude

information in the feature descriptor.
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Figure 5.7: Illustration of patch representation of 3D local shape descriptors from
pseudo-anatomical regions.

5.5 Conclusion

This chapter has presented a new method of skull partitioning named pseudo-

anatomical partitioning. In the previous experiments in Chapter 4, it has been

demonstrated that the skull can be partitioned into 3 different orientations fol-

lowing 3 main axes (X,Y, and Z) and the results attested to the suitability of

89



such method. This chapter advances such approach by proposing a partition-

ing method which covers the geometrical aspects of the skull ensuring that the

anatomical structure of the skull is well expressed. To achieve this, an improved

skull registration method with faster computational speed is introduced and auto-

matic partitioning is performed using fuzzy cmeans and label propagation. This

produced regions or patches of the skull that are reminiscent of the conventional

anatomical skull sites used in forensic morphological assessment. In order to as-

sess the effectiveness of the proposed method, different local descriptors such as

MeshLBP, Spin Image, and LD-SIFT are extracted on the local regions of the skull

and dimensionality reduction techniques such as KPCA and KSVD are utilized to

make the feature compact and distinctive. Eventually, predictive models such as

KELM, SRC, and SVM are used to classify and determine the sex of each skull.

The experimental results indicate that similar prediction results trend in Chapter

4 can be attained, where the best sex determination is 86% using Spin Image,

KPCA, and SVM classifier. Besides, the effect of number of partitions has no

statistical significance on the prediction results. Nevertheless, the results in this

experiments are competitive with the results presented in forensic science, where a

range of prediction between 70% - 90% has been reported in the literature (Garvin

et al., 2014; Walker, 2008).

It can be concluded that computer vision approaches are suitable for sex deter-

mination with impressive generalization despite examining the possibility of using

diverse approaches of skull partition, feature extraction, and classification tech-

niques. In addition, the number of regions the skull can be partitioned does not

have to be restricted, as it can be observed from results in Chapter 4 and 5 that

number of regions has no significant impact sex determination results. This rather

concludes the investigation on methods of skull partition, the effect of orientation

of partition and number of partition on sex identification results, as well as the

choice of feature extraction and classification techniques.

Future work can focus on the possibility of improving the registration method.

Interest can be placed on techniques that operate very fast on large 3D point set,

which also achieve good convergence without unnecessarily affecting the accuracy

of registration. In another aspect, the technique for fusing two or more features can

be improve further to accommodate other types of feature representation. Also,

it can be noticed that the performance in Figure 5.7 seems to be oscillating. This

can be attributed to some feature combination appealing better different number of

skull partitions. Further investigation can be conducted on to gain better intuition

by expanding the number of features considered for multiple feature combination.
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Chapter 6

Novel Methods for Selecting
Discriminant Anatomical Regions

Discovery is seeing what everybody else has seen,
and thinking what nobody else has thought

Albert Szent-Gyorgi

This chapter presents the experiments conducted on sex estimation from human

skull focusing on the selection of important skull regions. The proposed method

in this chapter involves 3D skull preprocessing, skull partitioning into pseudo-

anatomical regions, important skull region selection, 3D feature representation

and classification. Similarly, the 3D preprocessing and feature extraction which

have been discussed in Chapter 3 are used in this chapter.

6.1 Overview

In the process of determining the sex of skull, forensic experts also endeavor to find

out which regions of the skull possess higher sexually dimorphic characteristics. In

essence, this chapter is concerned with examining the human skull to discover the

important local skull regions (sites) that contribute positively to the prediction

results. This is crucial in gaining better intuition about factors influencing sex

prediction. A particular common way to achieve this in the forensic domain is to

attempt every possible combination of different dimorphic traits (Garvin, 2017).

However, this sort of approach could quickly become exhaustive as the number of

traits increases, because it involves a stepwise selection procedure where the feature

selection algorithm either starts with no variables (features) in the model and

proceed forward by adding one variable at a time or begins with all the potential

variables in the model and proceed backward by removing one variable (feature) at

a time. As such, this thesis proposes a novel method for learning important skull
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regions directly from data using the concept of graph based group variable selection

(Huang et al., 2012). The proposed method focuses on using the shape property

of each local region to construct graphs which embed discriminating information

about each local sub-region and use the graph as a form of regularization to displace

unimportant skull regions. In summary, this chapter presents:

• The theoretical background of the proposed group variable selection.

• The techniques devise for learning selection of important skull regions auto-

matically

The structure of the proposed method is illustrated in Figure 6.1. The process

starts with 3D preprocessing to filter the input volumetric PMCT samples to re-

move noise, local irregularities, and isosurface (mesh) reconstruction to derive the

hard tissue (skull layer). Afterward, the skull is partitioned into pseudo-anatomical

regions by first registering the skull samples to a model skull using coherent point

drift (CPD) to establish vertex point correspondence and then applying fuzzy

c-means to cluster the skull into different regions. 3D local shape features are

extracted on the partitioned regions, which are then placed in a skull region selec-

tion model based on group variable selection algorithm to discover the important

skull regions. The resulting sparsely learned skull regions are used for training and

testing different predictive models for sex determination as shown in Figure 6.1.

Figure 6.1: Structure of skull region selection and sex determination

6.2 Related Works on Skull Region Selection on Sex Identification

The interest of forensic experts is not only limited to achieving the predicted sex

class of the skull, but to discover which skull regions contribute toward sex pre-

diction. This section mainly discusses the previous works carried out on analysing

the effect of combination of different parts of the skull on sex identification results

and points out some literature on group variable selection.
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6.2.1 Approaches to Skull Region Selection in Forensic Anthropology

Looking at the previous studies, some of the prominently assessed anatomical re-

gions of the skull include the nuchal crest, mastoid process, supraorbital margin,

glabella, mental eminence, and etc (Krüger et al., 2015; Walker, 2008). Walker

(2008) examined 5 anatomical sites underunivariate and multivariate statistical

analysis with linear and quadratic discrimanant analysis. It was discovered that

under independent test, the glabella and mastoid process are more sexually dimor-

phic than other traits with prediction of 70%, with the nuchal crest showing the

least dimorphic characteristics (57%).

Though the best result was achieved using the 5 traits with a prediction of

90%, a combination of only 3 traits produced a prediction of 88%. Graw et al.

(1999) investigated how the shape of supraorbital margin can be assessed for sex

determination and their result gave indication that this anatomical region can be

independently used for sex prediction with an accuracy of 70%. Likewise, Pinto

et al. (2016) studied this anatomical region based on computer-aided method by

using 2D wavelet transform on 3D reconstruction of the scanned supra-orbital

impression to study its shape variation. Williams and Rogers (2006) studied 21

sexually dimorphic traits for sex determination. Each trait was assessed and ranked

according to its inter-observer error and accuracy when predicting male and female

samples. The authors discovered that the size of the mastoid and supraorbital

ridge, rugosity of the zygomatic extension, size and shape of the nasal aperture,

and gonial anglewere ranked higher than the remaining characteristics, with 10%

inter-observer error and accuracy 80%.

Langley et al. (2017) recently reported the analysis of the 5 traits of Walker

and one additional trait (zygomatic extension) using decision tree model, with

the aim eliminating the traits with high possibility of low inter-observer consis-

tency. Conforming with previous standards, the authors adopted the standardized

5 ordinal-scale built by Buikstra and Ubelaker, which has been commonly reported

in the literature. In order to make predictive, the ratings from these traits were

used to construct classification and regression trees (CART). Their study showed

that the decision tree which derived the combination of 3 traits (glabella, zygomatic

extension, and mastoid process) provided the most accurate result with a predic-

tion rate of 93.5 %, whereas the nuchal crest, supraorbital margin, and mental

eminence were not chosen by the tree model.

With regard to morphometric analysis, Franklin et al. (2012) proposed a method

of morphometric analysis, computing eight measurements of the 3D landmarks and
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discriminant function analysis for prediction. Their study suggests high sexual di-

morphism in the facial width (bizygomatic breadth) and the length and height of

the cranial vault. The authors further used stepwise variable selection to discover

the anatomical measures from 31 pre-selected landmark points that contribute sig-

nificantly to sex determination on Western Australian samples (Franklin et al.,

2013). Similarly, AbdelFatah et al. (2013) conducted 19 measurements on the cra-

nial via annotation of the anatomical points and use stepwise variable selection to

find the important cranial traits.

Bigoni et al. (2010) examined 82 ecto-cranial lamdmarks from 139 cranial sam-

ples of the Central European population. The landmarks originate from 7 sub-

regions of the skull such as the configuration of the neuro- cranium, cranial base,

midsagittal curve of vault, upper face, orbital region, nasal region, and palatal

region. Using Generalized procrustes analysis (GPA) for analyzing the shape con-

figuration, the authors noticed no sex difference in the sample set when landmarks

from the whole skull were used. However, through partial shape examinations of

each of the seven regions, there were indications of strong sexual dimorphism in

the mid-sagittal curve, the upper face, the orbital region, the nasal region, and

the palatal region, but no sex variation in the cranium base and the neurocranium

configuration.

Another study has assessed two discriminant function analysis methods on 17

craniometric variables from 90 Iberian skulls (Jiménez-Arenas and Esquivel, 2013).

The authors observed high sexual dimorphism on the Bizygomatic breadth with

88.5% prediction rate.

Though the previous works have shown that some skull regions possess bet-

ter sexually dimorphic characteristics than others, the approach of deriving the

importance of traits is significantly based on the prior knowledge of the forensic

expert in localizing those skull regions and the discovery of highly dimorphic trait

is achieved by simply conducting step-wise combination of different traits in a DFA

model. This traditional approach of discovering the importance of skull regions

can become less efficient in a situation where several skull regions are considered,

since the computational cost and time will increase dramatically. Thus, improved

methods which will provide robust results with less computational complexity are

necessary.

6.2.2 Group Variable Selection

The aim of this section is to discuss some of the advancement in the domain of

group variable selection and their applications.

94



In a standard regression problem, one would be interested in finding the coef-

ficients or variables of the model that fit the data to a linear function and in most

cases, it is expressed as:

y = Xw + ε (6.1)

where y is a vector, w is a vector of coefficients, ε is the error term, and X

is the data matrix. Imposing constraint such as l1 norm on the function leads to

penalization of some of the coefficients, which makes them sparse and example of

such algorithm is least absolute shrinkage and selection operator (LASSO) (Tib-

shirani, 1996). However, in some cases the data at hand has a structural property

which must be preserved. As such, a direct application of LASSO on the data will

lead to sub-optimal solution and also ignore the spatial configuration of the data.

This has resulted in the introduction of the concept of group variable selection,

which does not only maintain the structure of the data, but lends the data well to

interpretation (Huang et al., 2012).

Bakin. (1999) proposed group LASSO with its computational properties. Yuan

and Lin (2006) developed group LASSO by splitting the original data into dis-

jointed groups and imposing Euclidean norm on each group which leads to selec-

tion of groups rather than individual variables. Meier et al. (2008) extended the

concept of group LASSO for logistic regression and demonstrated its application

to the problem of learning from high dimensional data. Zhao et al (2008) proposed

a group variable selection method that uses composite absolute penalty, which in-

corporates side information to the fitting of the regression model. There are also

studies focusing on constructing structured sparsity through overlapping groups

(Jacob et al., 2009). Rao et al. (2016) proposed a much less restrictive method

of structured feature selection, by considering the noting overlap between groups

has a form of loose similarity, which primarily captures the prior knowledge about

the data. Thus, in a situation where some features from a particular have weak

representation power, this can be accounted for by other groups, since they share

some form of similarity and overlap. In order to preserve the structural locality

of the groups, some authors have proposed graph-based regularization for group

LASSO (Chen et al., 2011; Jacob et al., 2009).

Zhu et al (2013) introduced a group variable selection method for learning

representations for video-tagging. The approach uses the temporal-spatial prior

knowledge gather from constructing laplacian graphs from the video data, then

imposes inter-group and the intra-group sparsity. Yang et al. (2017) proposed two-

level structured sparse model referred to as Sparse Group Lasso with Group-level
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Graph structure (SGLGG) for Genome-wide association studies (GWAS), which

is an integration of sparse group LASSO with group level group LASSO. Most

of the previous works on group variable selection are concentrated on addressing

overlapping groups and forming of graphs which maintain the structure of the data.

Chapter 6.3.2 introduces techniques for constructing discriminant graphs which

maximize the variation between the local structure of the data, whilst preserving

the within group structure.

6.3 Region Selection

This section describes the group variable selection algorithms used for determining

the important skull regions that contribute positively to sex determination results.

6.3.1 Group Lasso

Lasso is a regression analysis method that performs two tasks at the time: (1)

variable selection (2) regularization in order to improve generalization result of a

model and also provides good interpretation of the model. Lasso is mainly based

on solving a least square problem of:

min
w∈IRp

(
1

N
||y −Xw||22

)
subject to ||w||1 ≤ λ (6.2)

where X is a M × p matrix of input data, y is a vector of M observations, w

are coefficients of the model, and λ is a regularization value. Due to the standard

constraints imposed on Lasso: ||w||1 ≤ λ, the l1 norm can induce sparsity on w to

obtain some coefficients that are exactly equal to zero. This makes lasso useful for

variable selection, as those coefficients can be displaced from the model.

In some regression problems, the interest may be on selecting a group of vari-

ables or covariates that possess common data or feature properties. Such problem

can not be directly tackled by the standard Lasso. Thus, an improved formulation,

Group Lasso, has been proposed to select group variables or covariates (Friedman

et al., 2010). Basically, there are two perspectives to this problem: (1) is to induce

sparsity on a group by setting the entire group to zero if the sum of euclidean norm

of a set of coefficients in the group is ≤ 0 (Yuan and Lin, 2006). (2) is to induce

a within and between group sparsity, so that when a set of coefficients in a group

are zero, only those coefficients will be displaced. This is different to the standard

Lasso because the within group sparsity depends on the structural property of the

group (Friedman et al., 2010).
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In this work, due to the manner in which the data is structured, the first

approach initially introduced by Yuan and Lin (2006) is adopted. More clarification

on the structure of training data will be discussed in the next section.

Now assuming that the p predictors can be divided into K groups, and pk

denoting the predictors from group k. Hence, the corresponding data matrix and

coefficients for that group will be Xk and wk respectively. The problem can be

formulated as convex optimization problem in the form (Friedman et al., 2010;

Yuan and Lin, 2006):

min
w∈IRp

(
||y −

K∑
k=1

Xkwk||22 + λ

K∑
k=1

√
pk||wk||2

)
(6.3)

where
√
pk is the term that accounts for the size of the group and || · || is the

euclidean norm (non-squared).

To compute the group lasso, each sub-problem will take the sub-gradient form

of (Friedman et al., 2010; Yuan and Lin, 2006):

−XT
k

(
y −

∑
k

Xkwk

)
+ λ · sk = 0; k = 0, 1, 2, . . . K, (6.4)

where sk = wk

||wk||
if wk 6= 0 and it is a vector with ||sk||2 < 1 otherwise

(Friedman et al., 2010; Yuan and Lin, 2006). Assuming the solutions of the groups

are ŵ1, ŵ2, . . . ŵk. If

||XT
k

(
y −

∑
k

Xkŵk

)
|| < λ (6.5)

then ŵk is equal to zero; otherwise it satisfies (Friedman et al., 2010; Yuan and

Lin, 2006):

ŵk =

(
XT
k Xk +

λ

||ŵk||

)−1
XT
k rk (6.6)

where

rk = y −
∑
k 6=l

Xkŵk (6.7)

The solution provided in (6.6) can be simplified as ŵk = (1− λ
||vk||

)vk assuming

XT
k Xk = I and vk = XT rk.

Though this form of group variable selection is able to discover the useful

groups and eliminate the unimportant ones, its main limitation is the inability to

effectively handle data requiring preservation of structure of its group properties,

for instance the locality of the skull regions. Moreover, the standard group LASSO

algorithm is unable to handle data which share some element of overlap between

97



groups (Huang et al., 2012). As discussed in Bach. (2008); Wang and Shizhong

(2009), group LASSO only satisfies selection consistency under low correlation

between data. Meaning that if there is low correlation between the groups of the

data, it is guaranteed that group LASSO will exhibit consistency in selection of

group variables. Otherwise there can be no consistency. This is the main reason

why a new group regression model for manifold data, which is able to preserve

such property is proposed in this Chapter.

6.3.2 Novel Group Regression Model for Manifold Data

The aim of the proposed algorithm is to mitigate the limitation of standard group

LASSO algorithm (such as inability to preserve the structure of group data). This

is achieved by using the concept of manifold data representation to obtain the

secondary shape property of each local skull region as graphs and formulating a

method of information induction through division of the graph computed for a

skull region by the graph of the entire skull regions. This approach makes the

graph of that particular skull region discriminant and distinctive when solving

for the group coefficients, which eventually helps in preserving the structure of

the partitions of the skull. In order to achieve the proposed algorithm, graph is

constructed for each skull region, then the eigendecomposition of the graphs is

learned, and finally information induction is computed for each graph to make the

graphs discriminant. The derived discriminant graphs are then placed in group

regression model objective to determine the group coefficients.

Graph based method is a form of regularization for learning the relationship

between data, by constraining the function learned on the data with the shape

of the data itself. The main idea is such that only a few subspace of the data

contains the meaningful information that need to be learned. This information is

said to exist in a manifold. Given a sample set X, the standard manifold learning

constructs an undirected graph G = (V,E), with the vertex set V = X and Wij is

the edge weights in the adjacency graph, which is defined by W (x, x′) = exp{−||x−
x′||2/2σ2}. The unnormalized graph Laplacian of G is defined as L = D−W , where

D is a diagonal matrix with diagonal entries Dii =
∑l+u

j=1 = Wij . Considering that

the eigenmaps can be obtained as:

ϕ(Xk) = XA (6.8)

where A consists of the eigenvectors a of a generalized eigenvalue decomposition

problem XLXTa = λXTDXa. This research proposes to embed the manifold in

group regression model and re-formulate objective as:
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min
w∈IRp

(
||y −

K∑
k=1

ϕ(Xk)wk||22 + λ
K∑
k=1

√
pk||wk||2

)
(6.9)

where ϕ(Xk) is now the manifold defined on each group data. Note that to

obtain ϕ(Xk) the corresponding L and D for deriving A in Equation 6.8 are de-

rived based on Xk only. For the sake of clarity, the essence of constructing graph

in this thesis is to exploit the secondary information about the cranial data, and

computing such graphs for each independent region provides the possibility of hav-

ing varying graph shape information of the regions. This is because the values of

eigendecomposition solution A of each region’s graph is different, so this informa-

tion is informative for the proposed group variable selection algorithm to learn the

important regions while keeping the locations of the regions. This is contrary to

simply constructing a single graph for the entire skull, as it will offer no variation

among the regions since the eigenvalues are the same, and its application to the

group regression simply offers no difference to using the original data X, which is

similar to applying a constant to the original data.

Each independent group has a graph describing the relationship among data in

that group. By learning such formulation, a different solution is gained where group

variables are selected instead of individual variables by penalizing the coefficients

of the manifold by an Euclidean norm (squared)
∑K

k=1

√
pk||wk||2. However, it is

worth noting that such notion does not necessarily have a holistic influence on the

group data, since each group will only be influenced by the graph from its group.

Therefore, this thesis proposes to construct the graph from a particular group as

an induction of every graphs of the remaining groups. To achieve this, the graph

of a particular group is divided by the summation of the graphs from other groups

as:

Dk =

{
K∑
k 6=l

ϕ(Xk)

}−1
∗ ϕ(Xk) (6.10)

This serves as an induction of the main group and the rest of the groups, which is

representative of the relation of within and between group variables. This is a way

of capturing and contrasting the difference between the manifold of a particular sub

region and the overall manifold information of the rest of the sub regions. Such

difference for each sub-region is then preserved through the optimization with

respect to the coeffecients wk in Eq. 6.11. This eventually makes the resulting

Laplacian graph discriminant.

Thus the new formulation can be expressed as:
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min
w∈IRp

(
||y −

K∑
k=1

Dkwk||22 + λ
K∑
k=1

√
pk||wk||2

)
(6.11)

Different to the standard group LASSO in Eqs 6.4 - 6.7 where the residual is

used in the analytical solution to the objective function, the solution for each group

matrix in the proposed algorithm is obtained in form of least square regression as:(
y −

∑
k

Dkwk

)
+ λ · sk = 0; k = 0, 1, 2, . . . K, (6.12)

where the solution of the group coefficient wk is obtained analytically as:

ŵk =
(
D>k Dk

)−1
D>k y (6.13)

and sk = wk

||wk||
if wk 6= 0 and it is a vector with ||sk||2 < 1 otherwise similar to

the criteria used in (Friedman et al., 2010; Yuan and Lin, 2006). Since, there is

already an induction graph obtained in the form of Dk which induces information

between the graph of a region and the remaining graphs (meaning that a graph

partially carries information about other graphs), thus each group matrix is treated

as a regression problem where the true label y will depend linearly on the k graph

variables. Hence, the need for residual is not necessary because residual on the

other hand will offer the linear relationship between graph and the corresponding

predicted values.

Implementation

To model the proposed group variable selection algorithm, training data is mapped

into the basis space to obtain their new representations ϕ(Xk) based on the concept

of manifold learning. The kNN is used to generate the graph and in particular the

heat kernel is used to generate the k nearest neighbor. By generating ϕ(Xk), the

discriminant induction graph Dk is obtained using Equation 6.10. The algorithm

of the proposed is illustrated as follows:
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Algorithm 3 Novel Group Regression Model for Manifold Data

Input: X = [X1, X2, . . . , Xk]
\\ Make a graph for each group offline

Construct graph L on each Xk

Compute ϕ(Xk) following Eq. 6.8
\\ obtain the discriminant graph

Compute discriminant graph Dk using Eq. 6.10
\\ run Group Regression on constructed graphs

while W not converged do
for k = 1, . . . K do

Obtain wk using Eq 6.11
end for
W = [w1, w2, . . . , wk]

end while
Output: W

The formulation is convex optimization problem, which can be solved following

(Yuan and Lin, 2006). This sort of approach has been described with proof by

Zhu et al (2013) when implementing group lasso for video tagging application.

However, the proposed approach is different since it considers constructing an

induction discrminant graph as described in Equation 6.10.

6.3.3 Novel Group Regression Model for Manifold Data with Split
Augmented Lagrangian Shrinkage Algorithm (SALSA)

To improve the performance of the algorithm introduced in Section 6.3.2, this the-

sis proposes to use an optimization solver: split augmented Lagrangian shrinkage

algorithm (SALSA) (Afonso et al., 2011) based on the concept of augmented lan-

gragian to solve Equation 6.11. The optimizer combines both augmented lagragian

and variable splitting in an iterative algorithm which provides a more flexible way

of handling the problem.

SALSA is an optimizer which has been used for image inverse problem such as

restoration and reconstruction. Of recent, its application to general least square

minimization was demonstrated in (Selesnick, 2011). In this research, SALSA is

initially used to solve the inner least square problem of each group (i.e the least

square which target the coefficients (column space) instead of the groups) before

applying the euclidean norm to determine the penalization of the groups. Assuming

the minimization problem of the inner least square of each group k can be expressed

as (Selesnick, 2011):

arg min
wk

1

2
||y −Dkwk||22 + ||λ� wk||1 (6.14)
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where the λ�wk is the element-wise multiplication of the equal size vectors, λ

and wk. When all elements are equal then it simply becomes wk. However, in the

idea of variable splitting, it is commonplace to create a new term which allows for

non-uniform regularization. Thus the variable splitting problem can be expressed

as:

arg min
wk,uk

1

2
||y −Dkwk||22 + ||λ� uk||1 (6.15)

such that u− w = 0 (6.16)

The problem in Eq 6.16 can be expressed in the augmented lagrangian form.

Briefly recall that for a constrained optimization problem:

arg min
zk

E(z) subject to Dkz - y = 0 (6.17)

where b ∈ RP and D ∈ Rpxn meaning that there are p linear equality constraints.

The augmented Lagrangian of the problem can be expressed as:

L(z, λ, µ) = E(z) + λT (y−Dkz) +
µ

2
||Dkz − y||22 (6.18)

where λ ∈ RP is a vector of Lagrange multipliers and µ ≥ 0 is penalty parameter.

The Augmented Langragian Method simply iterates between minimizing L(z, λ, µ)

with respect to z, keeping λ fixed, and updating λ until some convergence criterion

is satisfied.

The problem in Eq 6.16 can be expressed in the form of Eq. 6.17 by setting:

z1 = wk, z2 = uk, z =

[
z1
z2

]
(6.19)

E(z) =
1

2
||y −Dkz1||22 + ||λ� z2||1 (6.20)

Then, the iterative augmented lagragian method (ALM), also known as method

of multipliers (MM) (Hestenes, 1969; Powell, 1967) can be applied as (Afonso et al.,

2011)
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Algorithm 4 ALM/MM

Initialize µ > 0, dk
repeat

wk, uk = arg min
1

2
||y −Dkz1||22 + ||λ� uk||1 +

µ

2
||uk − wk − dk||22 (6.21)

dk ← dk − (uk − wk) (6.22)

end when stopping criteria is reached

where dk is the estimate coefficient which should be initialized prior to iterative

process. In this work, dk is initialized to zero. In order to attain the global

minimum, the alternating direction method of multipliers (ADMM) (Boyd et al.,

2011) is used to alternate between wk and uk, which can be expressed in Algorithm

5.

Algorithm 5 ADMM

Initialize µ > 0, dk
repeat

uk ← arg min
uk
||λ� uk||1 +

µ

2
||uk − wk − dk||22 (6.23)

wk ← arg min
wk

1

2
||y −Dkz1||22 +

µ

2
||uk − wk − dk||22 (6.24)

dk ← dk − (uk − wk) (6.25)

end when stopping criteria is reached

Once the coefficient estimate dk has been obtained, they are used as the vector

for each group and the group sparsity is determined if wk

||wk||
= 0 otherwise the group

is not sparse because wk

||wk||
< 1 but not 0. The overall algorithm is illustrated in

Algorithm 6
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Algorithm 6 Novel Group Regression Model on Manifold Data with SALSA

Input: X = [X1, X2, . . . , Xk]
\\ Make a graph for each group offline

Construct graph L on each Xk

Compute ϕ(Xk) following Eq. 6.8
\\ obtain the discriminant graph

Compute discriminant graph Dk using Eq. 6.10
\\ run SALSA to solve Group regression on constructed graphs

Initialize wk = w0

for each k do
Apply Eq. 6.16
Apply Algorithm 4 and Algorithm 5
Set wk = dk
Compute wk

||wk||
W = [w1, w2, . . . , wk]

end for
Output: W

6.3.4 Multi-scale Region Learning/Selection

In Chapter 5, each number of partitions (3 to 99) from the pseudo-anatomical

partitions are evaluated independently to observe the influence of those partitions

on sex prediction results. To achieve automatic selection of regions that contribute

to prediction, over-representation is performed by repeatedly partitioning the skull

from coarse to fine scale. The objective is to select a set of partitions (sub-regions)

from a skull data, with indication that those selected partitions have particular

influence on the prediction results.

Assuming there are indexes of mesh points, a design (data) matrix X ∈ Rm

of disjointed groups {L1, L2, . . . LK} can formed. Thus, the design matrix is rep-

resented as X = (XL1 , XL2 , . . . XLK
), where the features from each group are:

XLK
= X1, X2, . . . Xnk. The groups are obtained by using the pseudo-anatomical

partitioning in Section 5.3.2. Therefore the interest in this section is to derived a

set of group co-efficients where the sparse values is equivalent to the regions that

should be displaced from the skulls.

This is performed in 5 different steps:

1. Design data: a total of 50 random sample skulls are chosen to model the

group regression algorithm.

2. Deriving sub-regions: in this case, each skull in the design data is partitioned

into multi-scale of [5, 11, 15, 17, 19, 21] regions, resulting in a total of 88 sub-

regions (groups) and 50 × 88 matrix. As already described in Section 5.3,
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again the correspondence already established has been exploited to ensure

that the sub-regions are properly propagated across the training data. For

each group, the local descriptor is computed and aggregated in similar fashion

to the one in Section 5.3. Therefore, the total dimension of features from

each skull is (320× 88 sub-regions = 28160 features). These features from

different skulls form the design matrix of 50× 28160, which group regression

is used to induced group sparsity.

3. Defining the group structure Z: the structure of the groups are calculated

as: Z = number of sub-regions
S

where S is the number of structures to divide the

training matrix. In this experiment 88 sub-regions are used. Meaning that

the design matrix X is divided into 88 different structures each containing a

partition of the skull.

4. Run the group regression model: for a particular value of regularization

value (from 2−15 : 210) the sparse groups can be computed by using Eq. 6.3,

following the mathematical derivation in section 6.3.1 for group LASSO, and

solutions in Sections 6.3.2 and 6.3.3 for the proposed group variable selection

method and its SALSA based optimization.

5. Selecting sparse regions: assuming the total coefficients from group regression

is Ŵ = ŵ1, ŵ2, . . . ŵk. The sparse group of a new sample xi can be select by

first following steps 2 to 3, before computing the hadamard (element-wise)

product as:

ŵ∗ = xi � Ŵ (6.26)

where ŵ∗ denotes the sparse index of the new sample.

6.4 Sex Determination

In order to predict the sex of the skulls, the same 100 skull samples (with 60%

training and 40% testing) are used in this experiment. Each sample skull is run

through the sparse group coefficients as explained in step 5 above, results in skulls

with sparse patches (regions). The non-sparse patches (regions) are collected for

feature representation using 3D local shape features such as MeshLBP, spin image,

and LD-SIFT. The resulting features are aggregated and concatenated as described

in Section 5.3. Afterward, the features are processed with dimensionality reduction

algorithm such as KPCA and KSVD, and finally classified using SVM, KELM,

and SRC for sex determination. The results obtained from the experiments are

illustrated in Figures 6.3, 6.4 and Table 6.1.
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Figure 6.2: Illustration of pseudo-anatomical partitioning with FCM
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Figure 6.3: Illustration of group patch selection from the clustered regions by group
LASSO
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Figure 6.4: Illustration of group patch selection from the clustered regions using
the proposed methods

This procedure for discovering the important regions based on group variable

selection has been repeated for different values of regularization, C but the best

value in this experiment is 2−6. The results in this experiment are promising both

from the perspective of discovering important skull regions and considering them

for sex determination of 3D skulls.
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Table 6.1: Result of skull region selection based on group variable selection

Feature Extrac-
tion

Classifier Group
LASSO
(%)

Graph Group
based Regression
(%)

Graph Group
based Regression
with SALSA (%)

LD-SIFT
KELM 78.6 84 84
SVM 79.7 84.5 83
SRC 77.6 73 78.9

Spin Image
KELM 82.4 81 82.2
SVM 83.3 81 83.5
SRC 83.7 71.5 80.8

MeshLBP
KELM 81 78.8 77.7
SVM 82 78.4 80
SRC 81.7 81 81.8

LD-SIFT + KSVD
KELM 78.3 79 78.3
SVM 80.4 78 72
SRC 77.4 81 75.6

Spin Image + KSVD
KELM 78 81.2 80.6
SVM 79 80 80.6
SRC 79.8 81 81.2

MeshLBP + KSVD
KELM 75.3 75.7 75
SVM 76 75.6 70
SRC 74 71.2 79.6

LD-SIFT + KPCA
KELM 80.4 79 80
SVM 79.3 82 83.8
SRC 81.9 81 79.2

Spin Image + KPCA
KELM 82.9 81.6 80.5
SVM 83.75 84.8 84.5
SRC 82.8 82 82

MeshLBP + KPCA
KELM 76.5 80.5 81
SVM 81 84.4 83.3
SRC 73.5 75 77

The results depicted in Figures 6.3, 6.4 represent the output of the two group

variable selection algorithms. Each skull in each figure depicts the important re-

gions selected at a particular level (for instance 11 regions) after modelling the

group variable selection algorithms. Intuitively, it can be observed that the mani-

fold (graph) construction is influential in preserving the locality of the partitioned

regions and also in guiding rotational invariant descriptors such as MeshLBP. To

decipher the importance of graphs on learning group variable selection, the regions

automatically chosen from each scale are examined as shown in Figure 6.4. It can

be noticed that the selected regions are aligning along similar geometrical locality

of skull, while in Figure 6.3, it can be noticed that the regions are selected in-

consistently. This is quite interesting because each scale with its regions has been

learned independent of regions from other scales.

It can also be noticed that some regions are selected (or not selected) at coarser

scale and vice versa at other scale, especially in the result of standard group

LASSO. This is attributed to the fact that as the number of partitions increase, the

regions become more disjoint and independent making the algorithm to learn such

smaller regions as individual selection problem. Moreover, due to the share overlap

between some of the features in the two scales, the group LASSO algorithm basi-
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cally displaced the entire region without differentiating information of the smaller

regions to the large one. Nonetheless, it can be observed that the graph based

group regression model is still able to preserve the locations the smaller regions.

In addition to the visual assessment, a simple analysis is conducted to measure

the correlation coefficients between 2 different skull regions. Meaning that from two

different number of regions, 2 random sub-regions are selected and their correlation

coefficient is measured. For instance, if 5 regions and 11 regions are considered as

the two different number of skull regions, a sub-region X2 is selected from 5 regions,

while another sub-region X12 is selected from 11 regions, and their correlation

coefficient is computed. The results show that the correlation among regions in

the original data (used for group LASSO) is higher than when manifold (for graph

group regression) is used to represent the regions. Table 6.2 illustrates the results

of the correlation check.

Table 6.2: Results of measuring the correlation coefficient of two different skull
regions

Number of Regions Regions
(patches)

Group
LASSO

Graph Group
based Regression

5 regions = X1, . . . , X5 X1 vs X3 0.9831 0.1547
11 regions = X6, . . . , X16 X2 vs X12 0.9483 0.055
15 regions = X17, . . . , X31 X8 vs X15 0.9851 0.423
17 regions = X32, . . . , X48 X26 vs X45 0.9850 0.2591

X14 vs X48 0.9772 0.2258

With regard to sex determination from the sparse pseudo-anatomical regions,

the best result 84.8% is within the commonly reported range in forensics. It is

worth noting that sex determination is only performed after the important regions

have been selected, in order to their influence on prediction performance. The

best result is attained extracting spin image from the sparse regions discovered

through the proposed group variable selection and applying KPCA and SVM on

the features for classification.

6.5 Conclusion

This chapter investigated how adequate selection of important skull regions influ-

ences sex determination results. Two novel algorithms: (1) Novel Group Regression

Model for Manifold Data and (2) Novel Group Regression Model for Manifold Data

with Split Augmented Lagrangian Algorithm, which are based on the concept of

group variable selection are proposed to automatically select the important skull

regions by directly learning from the skull data. The two approaches make use of a
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strategy of imposing group regularization on the group coefficients learned directly

from skull regions which have been represented in form of manifold using the con-

cept of graph based methods. The main contribution of the proposed methods is

to mitigate the limitations of group LASSO such as inconsistency which results in

inability to preserve the structure of data. Thus, this thesis proposed to derive

another representation for the skull regions (groups) by computing their manifold

representation, which is believed to offer a different kind of information than the

original data. Then, in order to make the manifold of each group distinctive (dis-

criminant), manifold induction is computed which mainly divides the manifold of

a group by the manifold of remaining groups. The objective here is to form a

within-group/between-group representation. It is believed that such representa-

tion will reduce correlation between the groups, and through solving for the group

coefficient wk, the algorithm can find patterns that are more consistent than when

the correlation between group is very high which is experienced in standard group

LASSO. Compared to the standard group variable selection (group LASSO) the

experimental results indicate that the proposed region selection methods which

incorporate graph construction provide better consistency in the discovered local

regions than those without graph.
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Chapter 7

Validation Study

The aim here is not to separate fact from fantasy
but to show how each embodies a distinct class of
knowledge and how one is deeply implicated in the
other.

Constance Penley

The preceding chapters have demonstrated the suitability of using CV based

methods for solving sex identification problem on 3D skull data. This chapter

serves as a validation of the studies presented in the previous chapters by con-

ducting 3 main analyses which are data split evaluation, comparison of CV based

solutions with traditional forensic techniques, and assessment of the influence of

population groups on sex identification performance.

7.1 Effect of Data Splitting on Sex Determination

The aim of this section is to determine whether the choice of training and testing

set split affect prediction result. To achieve this, different methods of data splitting

methods are considered:

• Leave one out: a particular sample is held out for testing while the remaining

samples are used for training, which is then repeated across all samples and

the average prediction result is calculated.

• k-fold cross validation (k = 10): involves dividing the entire dataset into k

segments. A particular segment is held out for testing, while the remaining

segments are used for training. This is repeated across all segments and the

average prediction result is calculated. In this case, the dataset is partitioned

into 10 segments, a segment is selected for testing while 9 segments are used

for training and each segment taking a turn in the testing set.
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• Also, additional random splits are evaluated in this thesis for sex identifica-

tion, which are:

– 50 training and 50 testing samples

– 70 training and 30 testing samples

The results of these experiments are presented in Table 7.1

Table 7.1: Performance comparison based on data splitting method

Data split technique Prediction rate (%)
Leave one out 88

k-fold cross validation 87.4
Random (50/50) 84
Random (70/30) 87

The reason for these experiments is to justify why random splitting method

of 60% training and 40% testing has been considered in all experiments in this

thesis. It can be seen from Table 7.1 that other data splits do not significantly

influence the prediction results. Yet, it should be noted that the random split

considered in this research is a fairer technique of data split which creates a balance

between training and testing samples. First, it should be noted that in the case

of 60/40 split, the samples used for training are completely different to the testing

set. However, in leave one out and k-fold all data samples would have in one

way or another been used in turn for training and testing, thus no independent

test is performed with an unused samples. Second, even though a separate 5-fold

cross validation is performed in 60/40 split during training to determine the best

regularization parameter to fit the model, the amount of training samples is not

critically depleted. This is unlike the 70/30 and 50/50 splits which have similarities

to 60/40 since 5-fold cross validation is performed during training and separate test

is conducted using the unused test samples. However, for 70/30 split the unused

test sample is too small to gain true reflection of model performance, while 50/50

split will eventually result in lesser training samples.

7.2 Effect of Population Group on Sex Determination

The aim of this section is to evaluate whether pooling samples from a particular

population group for training a classifier and testing with samples from entirely

different group will have an effect on the prediction results. This is performed in-

line with the approach which have been discussed in the literature, where a number

of related works have performed similar analysis (Garvin et al., 2014; Guyomarc’h
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and Bruzek, 2011). In this research, the total number of Malaysian samples is 71,

while Non-Malaysian samples is 29. Therefore, the feature representation and clas-

sification technique based on MeshLBP, KPCA, and SVM is evaluated since this

combination has produced the best prediction results under the two partitioning

methods. The results are presented in Table 7.2

Table 7.2: Performance comparison based on population group

Estimation Method Training Testing Prediction rate (%)
MeshLBP & KPCA & SVM Malaysian Non-malaysian 80
MeshLBP & KPCA & SVM Non-malaysian Malaysian 76.1

From the results, it can be concluded that the proposed approach is not affected

by difference in population groups since the result generalized to the two groups.

Using Malaysian samples as training set and Non-Malaysian as testing the result

is 80% which is close to the best result in this research (86%). In the case where

Non-Malaysian samples are used for training and Malaysian samples for testing,

it can be seen that the prediction rate is 76%, however it is worth noting that the

training sample (29) is much less than the testing sample (71).

7.3 Comparison with Forensic Approach

This section presents the performance comparison of the proposed CV based tech-

niques for sex determination with conventional forensic methods.

7.3.1 Morphometric Analysis

For the sake of completeness, the performance of the proposed CV methods is com-

pared with conventional forensic estimation method (Ibrahim et al., 2017) as shown

in Table 7.3. The forensic method (Ibrahim et al., 2017) is based on traditional

morphometrics, where 22 estimation parameters are measured covering anatomical

locations of 87 cranial samples (45 males and 42 females). These 87 samples are

drawn the same dataset obtained from Hospital Kuala Lumpur (HKL). The mea-

surements include the Maximum cranial length, Maximum cranial breadth, Cra-

nial base length, Basion-bregma height, Bizygomatic breadth, Maximum frontal

breadth, Minimum frontal breadth, Basion prosthion, Upper facial height, Nasal

height, Nasal breadth, Orbital height of the right eye, Orbital height of the left eye,

Orbital breadth of the right eye, Orbital breadth of the left eye, Biorbital breadth,

Auriculo-bregmatic height of the right side, Auriculo-bregmatic height of the left

side, Naso-occipital length, Mastoidal bregma height of the right side, Mastoidal

bregma height of the left side, Nasion bregma height. Through independent t-test,
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the authors were able to deduce the difference between male and female categories.

Discriminant function analysis (DFA) is then used to generate equations for mod-

eling the measurements and regression analysis to classify the samples into their

respective classes. The prediction result from the study obtained through cross val-

idation is between 78.2 - 86.2%. The proposed method in this thesis attained 86%

on heuristically partitioned skull and 86.5% on pseudo-anatomically partitioned

skull, which is competitive with the morphometrics based analysis.

Table 7.3: Performance comparison with Traditional Morphometrics

Estimation Method Cranial Representation Prediction Model Prediction rate (%)
Morphometrics 22 estimation parameters DFA and regression analysis 78.2 - 86.2

Proposed MeshLBP KPCA-SVM 86

7.3.2 Statistical Analysis

This method of analysis is another approach which has been used for sex deter-

mination from human skull, where principal component analysis (PCA) is applied

for feature extraction and linear discriminant analysis (LDA) is used for classifica-

tion. In this approach, the analysis can be based on the entire skull or on a few

anatomical landmarks which have been manually annotated by forensic experts.

The PCA/LDA based approach has been used by Luo et al. (2013a) for sex de-

termination on dataset containing only Chinese samples. Since, the samples used

by Luo et al. (2013a) is not publicly available, the PCA/LDA technique is applied

on the dataset used in this thesis. In order to achieve this, it is important to es-

tablish a one-to-one correspondence between the sample skulls. As a result, skull

registration is performed using non-rigid ICP. However, considering the size of the

vertex points of each skull which affects the possibility of applying non-rigid ICP,

all samples are first downsampled to 70000 faces. Then a sample skull is chosen as

the model skull used for registering the remaining samples. Once the one-to-one

correspondence has been establish, the vertex points are concatenated and place

in a matrix.

Then 60 samples are drawn into the training set and 40 into the testing set.

PCA is applied on the training samples to derive the eigenvectors and eigenvalues,

which are then used to obtain the sub-space representations of the training and

testing set. Once this has been achieved, linear discriminant analysis (LDA) is

performed on the transformed training set, the derived parameters (weights) of

LDA are used to assign the testing the samples into different classes. The results

obtained are shown in Table 7.4. The results indicate that the proposed CV based
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solution is better than PCA/LDA based technique, because the 3D shape repre-

sentation is able to offer comprehensive description of the skull local details, unlike

PCA which only represents the skull holistically. Thus, 3D shape features are more

invariant than PCA-based features.

Table 7.4: Performance comparison with Traditional Morphometrics

Estimation Method Cranial Representation Prediction Model Prediction rate (%)
Statistical Analysis Luo et al. (2013a) PCA LDA 75

Proposed MeshLBP KPCA-SVM 86

7.3.3 Patch Representation and Keypoints Analysis

Another analysis performed in this thesis is the integration of patch representation

and automatically detected keypoints. The keypoints in this case are calculated

as the centroid of each local patch. As such, as the skull is partitioned into dif-

ferent local regions, the centre local keypoint of that particular patch is computed

and both features are fused for sex prediction. The essence of this approach is to

provide a solution which mimics a hybrid representation of morphological and mor-

phometric analysis. To achieve this, the MeshLBP local descriptor is computed for

each patch and the centroid of the patch is considered as the keypoint. MeshLBP

is considered for this analysis because the other local descriptor (spin image and

LD-SIFT) are already keypoint based. Once the features have been extracted and

fused with the keypoints, KPCA is then applied for dimensionality reduction and

SVM for classification. The result attained is illustrated in Figure 7.1.

Figure 7.1: Figure of prediction rate for each partition.

The best prediction result using this approach is 83% obtained with 17 skull

regions. It is can be noticed from the results that the local keypoints do not provide

any improvement on the performance of the MeshLBP local descriptor, because
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the information provided by the each keypoint is inconsequential on the shape

representation derived from the patches.
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Chapter 8

Discussion and Conclusion

”There is no real ending. Its just the place where
you stop the story.”

Frank Herbert

Determination of sex is very crucial in forensic examination of skeletal remains.

It has received vast amount of attention over decades. Traditionally, the pelvic

region is a body part which has been primarily considered for such analysis. How-

ever, due to degradation of the skeletal remains after preservation of the subjects

over a period time, the skull region has been suggested as the second best predic-

tor of sex based on comprehensive research findings. Conventional methods for sex

determination are based on the study of both morphological and morphometric

variations of the skull. These methods visually assess specific anatomical regions

of the skull or make use of a few set of landmarks that are carefully localized on the

skull. Eventually both approaches consider DFA as a model to assign the skulls

into male and females classes.

This thesis diverged from the conventional approach and investigated how mod-

ern feature learning techniques, which have gained prominence in the machine

learning and computer vision community, can possibly be utilized to extract more

comprehensive features for predicting sex from human skull data. In order to

achieve this, the research work has been divided into different aspects focusing on

different objectives.

To begin with, a set of experiments is performed to assess the influence of dif-

ferent methods of skull partitioning on sex estimation results. The skulls are parti-

tioned into local regions since this is a common practice by forensic anthropologists

when assessing sex from human skull. As a result, 2 different partitioning methods

have been introduced in this study: (1) Heursitic partition, which is simply division

of the skull into geometric parts along the X,Y, and Z axes similar to the axial,

coronal, and saggital axes. (2) Pseudo-anatomical partition which fairly resemble
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the anatomical regions in standard forensic analysis. The evaluation is centralized

around assessing different combination of 3D local shape descriptors, feature learn-

ing, and classification algorithms. The best results obtained is 86% for heuristic

based partitioning using combination of MeshLBP+KPCA+SVM and 86.5% for

pseudo-anatomical partitioning using combination of LD-SIFT+KPCA+SVM.

Furthermore, this thesis conducted an examination of how multiple information

extracted from the skull can be induced to offer a comprehensive representation.

To achieve this, the multiple kernel learning (MKL) is used to integrate different 3D

local shape descriptors and the result obtained is inline with the previous results,

with the best result of 86%.

To proceed further, some experiments are conducted to assess the importance

of skull regions on estimation results. This is performed to advance conventional

forensic methods, which literally utilize a stepwise combination of different skull

sites for prediction. In this thesis, a 2 novel approaches (1) Novel Group Regression

Model for Manifold Data and (2) Novel Group Regression Model for Manifold Data

with Split Augmented Lagrangian Algorithm, which are based on the concept of

group variable selection are proposed to automatically discover the important skull

sites. The best result obtained under this approach is 84.5%.

From the results in this thesis, it can be concluded that the proposed approaches

are competitive with standard forensic methods, where the prediction rate between

74% - 94% has generally been reported by forensic anthropologists (Garvin et al.,

2014; Walker, 2008).

From the experiments conducted, it can be further suggested that multi-region

representation should be considered for feature extraction instead of full represen-

tation of the skull data. However, careful selection of 3D local shape descriptors

is crucial because not all descriptors performed effectively, for instance SIHKS, re-

gion area, and ShapeDNA did not perform accurately for sex determination. This

is due to the fact that difference or variation between the skull of 2 different cat-

egories is very subtle. Even forensic experts do have high inter-observer error in

some cases when using morphological assessment (Lewis and Garvin, 2016; Steven-

son et al., 2009; Walrath et al., 2004). Despite the fact that the explored feature

extraction methods exploit the topological properties shared by neighbouring ver-

tex points in a 2D manifold (surface), depending on the representation from the

entire skull, where each vertex is described independently would over complicate

the description of the skull. Therefore, it is preferable to extract the features from

different sub-regions. More importantly, feature representation of the entire vertex

points should be summarized into small compact representation that capture both
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local and global shape properties. In addition, it can be noticed that it is worth

extracting information from multiple sources when available.

Finally learning based skull region selection should be considered ahead of

stepwise selection, since learning based methods have the capability to scale to

large size of data without demanding too much computational rigour, as opposed

to stepwise method which will demand a large computational time when performing

the sequential step-by-step combination of variables.

8.1 Future Works

In the thesis, several experiments have been conducted examining the problem of

sex determination from human skull based on 3 main methods. In future works:

• Other methods which can be directly used to learn information from the

original 3D points of the skull should be considered. This approaches could

take the form of unsupervised or semi-supervised learning. The advantage

of this is to ensure that the discovered features are primarily guided by the

distribution of the data itself.

• Automatic approach to detect anatomical landmarks can be studied to as-

sist in morphometric analysis. Few literature have reported the possibility of

detecting anatomical landmarks automatically. However, these approaches

have not attained the level of efficiency and robustness needed for a stan-

dalone forensic identification system.

• Methods to automatically derive semantic representations from the skull can

be studied to aid morphological assessment without the need of human ob-

servers. It is well known that subjectivity has a significant effect on semantic

terms derived by forensic observers. As such, it will be interesting to inves-

tigate how these descriptions can be discern automatically with no human

influence.

• Further experiments using heuristic and pseudo-anatomical partitioning (in-

cluding region selection) should be conducted for age and ancestry estimation.

• This research has shown that multiple information (features) from the skull

can be fused from different sources. However, researchers should investi-

gate how multiple skeletal regions can be combined to improve prediction

performance. This is essential in cases where a particular skeletal region is

incomplete, which could be compensated for through combination of another
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skeletal regions. This aspect of research is still in its infancy and a recent re-

port demonstrated the combination of skull and pelvic for sexual dimorphism

(Best et al., 2017).
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Appendix A

Prototype

The system prototype design for this research is depicted in Figure A.1. It consists

of 5 main stages with several sub functions implementing each stage of the sex

estimation system. The functionality of each button is described as follows:

• Select Data - loads a set of 2D CT slices and accumulates them in a 3D

volumetric data. On the right panel of Figure A.1 is the 3D visualization of

the coronal, axial, and saggital planes.

• Preprocess Data - is the button for removing noise, background objects,

reconstruction of the volumetric data to 3D mesh, and mesh registration. An

examples of a reconstructed skull after noise removal and mesh registration

is shown in Figure A.2.

• Extract Mesh - computes the 3D shape primitive functions such mean cur-

vature, Gaussian curvature, principal curvature, and shape index, as shown

in Figure A.3. These functions are used in the next stage for extracting 3D

shape descriptors.

• Extract features - compute different type of features such LD-SIFT, Spin

Image, and MeshLBP as illustrated in Figure A.4.

• Learn/Classify - has two functions: (1) it learn compact and discriminative

representation from the extracted features using KPCA or LPP. (2) it classi-

fies the learned patterns into their respective demographic class such as sex,

age, and ancestry as shown in the button panel of Figure A.4.
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Figure A.1: Screenshot of the designed prototype showing the 3D planes of 3D CT
volume

Figure A.2: Example of skull reconstruction
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Figure A.3: Illustration of shape primitive function with an example depicting
mean curvature

Figure A.4: shows the extracted MeshLBP and the prediction results
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