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On Distinctiveness in Ear Biometrics

by Di Meng

Ear biometrics have developed rapidly in last decade. Ears have distinct advantages over face and
fingerprint, such as invariant structure over time, and ear images can be captured without subject’s
participation. There are also some considerations when ears are used as a biometric, such as rotation
variance, varying illumination and occlusion by hair. Wider application has been hindered by these
problems. Previous works show that human ears can be used for identification, gender classification,
and age classification. In this thesis, we propose a new model-based approach to ear biometrics,
which contains geometric features based on ear anatomy. The keypoints of our model are determined
by scale-invariant feature transform (SIFT), and we consider the rotation of ear images under an
affine transformation, by modelling the ear as a flat plane attached to the head. Then, we extend our

model with image pre-processing step that using the force field transform to remove the noise.

We apply the model and fine-tuned convolutional neural networks on ear recognition, gender
classification and ear symmetry. In ear symmetry, we address the question as to whether it is
possible that given an image of one ear, a person can then be recognized from his/her other ear. Such
a symmetry-based strategy could reduce constraints on applications of ear biometrics. To investigate

symmetry, we compare one ear with a mirrored version of the other ear.

In addition, we consider the important parts of ear recognition, gender classification and ear
bilateral symmetry on ear images, in these three cases we aim to determine the ear parts from which
recognition is derived. For analysing the model-based, we use accuracies of different ear regions to
evaluate the significant parts for ear recognition, gender classification and ear symmetry. Moreover,
we are the first to apply the heatmaps on ear images to determine the contributions of different parts

of ear, and this is the first study to analyse the differences between male and female. Also, we have



iii

compared the model-based method with deep learning, and the contributions of different parts based

on different approaches.

Furthermore, we are the first to exploit ear for kinship verification, and we collect SOTEAR dataset
for the kinship verification experiments. We compare the influence of father with that of mother by

the accuracies of kinship verification.
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Chapterl

Context and Contributions

1.1. Context

The ear might appear to be an unusual biometric, but it actually has a long history. During
the investigation of a crime, Sherlock Holmes examined some ears that had been found in

a box and focused on their anatomical peculiarities. He then said to Watson:

‘As a medical man, you are aware, Watson, that
there is no part of the body which varies so much as
the human ear. Each ear is as a rule quite distinctive

and differs from all other ones.’

Conan-Doyle, ‘The Adventure of the Cardboard Box’, 1893

Ears have long been considered unique to their owners and therefore constitute a reliable
biometric. Ear recognition has been based on holistic and model-based approaches, with
more recent work using deep learning. Many approaches have been targeted at, and
evaluated on, standardised datasets where the ear position is controlled (including early
datasets like XM2VTS [18] and later and larger ones like SC face [17]). This is a necessary

step in any biometric since the prime consideration in biometrics is uniqueness to a subject.

The initial structure of the external ear in a human embryo can be divided into six
individual hillocks [13]. The first three hillocks are derived from the lower part of the first

pharyngeal arch and form the tragus, crus of the helix, and helix, respectively. The final
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three hillocks are derived from the upper part of the second pharyngeal arch and form the
antihelix, antitragus, and ear lobe [12][14]. Figure 1. 1 illustrates the six auricula in a six-
week-old human embryo. Figure 1. 2 presents the mandibular and the hyoid hillocks. The
hillocks develop into the final shape of the auricle. The structure of the ear is not random;
it has a regular structure.

L.

" Auvricular
%, Hiliocks

..’:
Vs
>

Al S

Figure 1. 1 The six auricular hillocks in a Figure 1. 2 Mandibular hillocks and
six-week-old human embryo [11] hyoid hillocks [12]

Ears have many features that can be used to identify people. Their advantages include:

i) a rich structure.
ii) their appearances do not alter a great deal between the ages of 8-70.
iii) they remain the same when facial expressions change, unlike the face.

Also, ear images can be obtained using simple tools without the coordination of subjects
and in an unconstrained environment [15]. Although the recognition performance of ear
biometrics continues to improve, there are still some problems that need to be overcome,
such as occlusion, noise, pose changes, scale variations, illumination diversifications and

poor resolution [16].

Figure 1. 3 illustrates the anatomy of the external ear. The labels are represented as follows:
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(a-d) helix

lobe

antihelix
cavum conchae
tragus
antitragus

helix

triangular fossa

N G

incisura

Figure 1. 3 The terminology of the ear [1]

The recent COVID-19 outbreak and the increased wearing of masks might hinder the
development of using the face as a biometric method for recognition. Two examples for
ear identification are demonstrated in Figure 1. 4. As shown here, a rioter might conceal
his/her face but not his/her ear, and a mask obscures much of the face but not the ear. In
these images, it might be preferable to use the ear for identification since it is the only

biometric that can be seen clearly.

Figure 1. 4 Face concealed

Ear biometrics are becoming increasingly popular. This has developed over the last two
decades, and a history of ear biometrics is shown in Figure 1. 5. The first person to suggest
that people can be recognised by their ears was a French criminologist, Alphonse Bertillon,
in 1890 [1]. Iannarelli later demonstrated that ears are unique to their owner by examining
over 10,000 ear samples by developing a manual system for ear identification [2]. Burge et
al. were the first to develop an automatic ear biometric approach [3], though recognition
was only demonstrated later [4]. In addition, [5] proposed to identify humans from 3D ear
images, and [6] used a geometric approach for ear recognition, and deep learning has been

applied for ear recognition. [44] used local descriptors for ear recognition, and [125]
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proposed ear recognition based on deep convolutional networks. In 2017, [67] presented
the challenge of unconstrainted ear recognition. [65] proposed a hybrid method in 2021,
which used deep learning together with Mahalanobis distances. Meanwhile, ear images
have been used for extracting soft traits, such as gender [7][8][9][10][86], age[9][10], and
kinship[7].
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Figure 1. 5 The history of ear biometrics
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With the advancement of biometrics, more and more people are concerned about privacy.
The International Organization for Standardization (ISO) is a standard-setting body
composed of representatives from various national standards organisations around the
world. [131] ‘ISO/IEC JTC 1/SC 27’ [132] was created in 1989 and provided standards for
the protection of information, communication and technology (ICT). It introduced generic
methods, techniques and guidelines for security and privacy, such as methodology for the
capture security requirements; management of information and ICT security;
cryptographic and other security mechanisms; security management support
documentation; security aspects of identity management, biometrics and privacy;
conformance assessment, accreditation and auditing requirements in the area of
information security management systems and security evaluation criteria and
methodology. ‘ISO/IEC JTC 1/SC 17" [133] established the standardisation of generic
biometric technologies for data interchange among applications and systems in 2002.
Generic human biometric standards include common file frameworks, biometric
application programming interfaces, biometric data interchange formats, related biometric

profiles and the application of evaluation criteria to biometric technologies.

1.2. Contributions

The main contributions in this this, related to publications arising from this research [A]-

[F] include:
1) Model-based ear biometrics

There are clear advantages of a model-based approach to ear biometrics, including
potential robustness to occlusion and scale, as well as the intimate relationship with ear
structure. Our new approach focuses on the ear’s structure and appearance rather than on
its embryonic nature. We develop a new model-based approach derived from the ear
structure that has practical advantages [A][D]. The advantages of our model include
robustness to rotation since the subject’s head may rotate in yaw and pitch. We assume
that the ear can be approximated as a planar structure and use the affine transformation

to register the image dataset.
2) Gender classification by ears

There is yet limited work on gender classification from ears, though it is common in many

other biometrics. This is perhaps because, like a model, it does not appeal to intuition that
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gender can be ascertained from the loose and apparently random structure of the inner ear.
Figure 1. 6 shows some examples of ear images. Is it easy to determine the subject’s gender

from these images?

Figure 1. 6 Samples of ear images

Most of this research capitalises on general properties and the overall appearance of ear
images. One study used geometric features (distance between landmark points), but the
landmarks were marked manually. However, the points that we use for our model are
detected automatically [B][D]. Moreover, we add an image pre-processing step to improve
the performance of our model. In addition, deep learning approaches are also used for
gender classification from ear images. There are three convolutional neural networks used
for gender classification, and the accuracies and Equal Error Rates are used to evaluate the

networks.

Despite various approaches to gender classification from ear images, the difference
between different genders has not been explicitly understood. What are the differences in
ears between females and males? We have analysed the differences between different
genders based on different approaches. The performances of different regions represent
the contributions of different parts. Although some papers present the gender
classification from ear images through deep learning, why can these networks make the
decision for the classification? We apply Gradient-weighted Class Activation Mapping
(Grad-CAM) on these networks, and the heatmaps of networks show which parts of the
ears are significant for gender classification. We can explain the contributions of different
parts of ears for gender classification and the disparity of the performances of these

networks through the heatmaps of different networks.

3) Kinship analysis by ears
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Our research is the first study on kinship verification from ears [A][E]. There is some
kinship verification from facial images, but there are the traditional difficulties in face
recognition: expression, pose, occlusion and age. By way of contrast, ears do not suffer
from change in expression and appear largely invariant with age (except to enlarge),

though change in pose is innate.

Figure 1. 7 shows the ears of two parents either side of their daughter’s ear, and in the
other a son. By overall structure, the daughter’s ear appears to resemble that of her mother,
and the son’s ear resembles his father’s. As we will later describe, the triangles are
prescribed by the locations of interest points and reflect these similarities. Naturally, these
are just one of the geometric features, and there are many more. For the mother and
daughter, the triangle formed by the fossa, incisura and antitragus appears to be more
similar than that of the father; in contrast the triangle for the son appears closer to that of
his father. The difference in gender is less intuitive, though on these images the helix (the

outer rim) appears wider for the female subjects.

Father, daughter, mother

Father, son, mother
Figure 1. 7 On Kinship and Gender from Ear Images
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We use our model on the kinship verification to find the relationship between two ears
within a family. We therefore expect to get significantly higher classification accuracies for
kinship once we fuse other features with our existing geometrical features. Moreover, the

ear dataset of families (SOTEAR [21]) is collected by us, which contains 21 families now.
4) Ear Symmetry

Because human anatomy dictates that only one ear can be seen in a single image, is it
possible to use one side ear to recognize the other side? There is an example shown in

Figure 1. 8.

Figure 1. 8 shows different, low-quality surveillance images recorded at a crime scene
suggesting a need for the capability to handle noisy images. In all of these images, it might
be preferable to use the ear for identification since it is the only biometric that can be seen
clearly. To achieve that, we need to reduce constraints on the deployment of
surveillance/security systems to be able to handle images where the ear is not presented
in line with a camera’s view and might also be rotated. Given that often one ear only can
be seen, it is also prudent to investigate symmetry. Although it will always be best to store
two images per subject, it is conceivable that a match might be required when only one ear

can be seen in different situations.

Figure 1. 8 Different views of a subject

There is limited study on ear symmetry, and previous studies do not consider rotation.
Ears are also recorded in laboratory conditions under which a subject looks straight ahead.
Figure 1. 8 shows how a subject’s head might be inclined or rotated, especially when
committing a crime. Only three angles are discriminated in [20], where ear symmetry is

considered based on the appearance of ears rather than their structure. However, some
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subjects” heads are rotated along the yaw or pitch axes, which can change the appearance

of the ears.

We demonstrate [D] that there is an implicit similarity between left and right ears.
Therefore, ear recognition can be achieved regardless of which ear is used for analysis as
one can be compared with the other. Also, there is limited research on ear symmetry, but
previous results have been less than satisfactory. We are the first to utilise deep learning
to study ear symmetry. We also use a model-based technique for comparison with deep
learning, and we consider unconstrained ear images. Meanwhile, we measure
performance by training noisy ear images and using the affine transformation to register
the two ears for comparison. Furthermore, we use heatmaps to show which ear regions
are significant for evaluating ear symmetry, and we make comparisons for ear recognition,

gender classification and ear symmetry through the heatmaps of different networks.
5) Associated Contributions

We collect the SOTEAR dataset [F], which could be used on a variety of tasks, such as
kinship recognition, gender classification and ear symmetry. We are the first to use
heatmaps to study ears, and also we are the first to analyse the difference between two
genders through ear biometrics. Moreover, we propose the notion of kinship verification

from ear images and two-sided ears for symmetry analysis.

1.3. Thesis Overview

®  Chapter 2: Ears as a Biometric and Identity Science

In this chapter, we will review the main approaches for ear biometrics, including ear
detection, ear recognition and the other information from ear images. The techniques of
ear identification include 2D and 3D ear recognition. 2D ear recognition will be introduced
with different approaches, which contain holistic approaches, local approaches, geometric
approaches, hybrid approaches and deep learning. We will also present the other
information from ear images, such as gender classification, ear symmetry and age

classification. Furthermore, the use of ear print will also be presented in this chapter.
®  Chapter 3: Model-based Approach for Ear Biometrics

This chapter will present our model based on geometric features. The algorithms used for
our model-based approach will also be presented in this chapter, which include ear

detection, finding the key points and aligning the ear images. We will use Hough
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Transform for ear detection, Histogram of Gradients and Scale Invariant Feature
Transform for feature extraction, while the affine transformation will be used for aligning

the ear images. Also, force field transform will be used for ear image analysis.
®  Chapter 4: Deep Learning for Ear Biometrics

There are some networks in recent research. We will choose VGG network, GoogleNet
network and Deep Residual Learning for ear biometrics. This chapter will describe the
architectures of these three networks. Because of limited ear images, we apply transfer
learning for these three networks. Moreover, Gradient-weighted Class Activation
Mapping will be used for evaluating visualisations, which represents the contributions of

different ear parts.
®  Chapter 5: Ear Databases

This chapter introduces some available ear databases. We present the datasets which we
have used for ear recognition, gender classification and ear symmetry. We have collected

the ear dataset for kinship verification, and it is now available on Github.
®  Chapter 6: Results and Analysis of the Model-Based Methodology

The results of the model-based methodology for ear biometrics will be presented in this
chapter, to contain accuracies of ear recognition, gender classification, kinship verification
and ear recognition by using symmetry. Also, we will present the analysis of our model
and the accuracies of different regions for ear biometrics used to analyse the contribution

of different parts.
®  Chapter 7: Results and Analysis of the Deep Learning Approaches for Ear Biometrics

In this chapter, we will demonstrate the results and analysis of deep learning for ear
biometrics. The VGG-16, GoogleNet and ResNet-50 networks will be utilised for ear
biometrics, and the noisy ear images and affine transformed ear images will also be used
for training to test the networks. The accuracies of different networks will be used for
evaluation. Also, we will use the Equal Error Rate to evaluate the performance of each

network. The heatmaps of the networks show the contribution of different ear regions.
®  Chapter 8: Conclusions and Future Works

Finally, in this chapter, the conclusions are drawn, and potential future work avenues are

discussed.
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Chapter2

Ears as a Biometric and Identity

Science

Developing algorithms for ear biometrics requires databases, which should contain
enough quantity (include many subjects and several samples from each subject) and
variables, such as different angles, illumination variants, hair occlusion etc. Also, detecting
ears automatically is a necessary step for ear biometrics, and many published recognition
approaches have achieved this manually. This chapter will give a summary of the state-of-
the-art in ear detection techniques. Furthermore, there has been a great deal of research
into ear recognition. Techniques for identifying humans by ear images can be classified as
2D ear recognition and 3D ear recognition. In addition, there is some soft information
which can be extracted by using ear images, such as gender, age and kinship. We will also

present a summary of ear biometrics in this chapter.

2.1. Ear Databases

There are many ear datasets that can be used in experiments involving ear biometrics. The
first such analysis was conducted by lannarelli [2] and contained over 10,000 ear samples
obtained from randomly selected samples in California. Burge et al. [107] captured the
subjects” head profiles (300 x 500 pixels, greyscale image) using a CCD camera. The

Carreira-Perpinan (CP) [108] ear dataset was one of the earliest publicly available datasets
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of this type. Figure 2. 1 shows some samples from the CP ear dataset, which contains a
total of 102 images from 17 subjects. This chapter introduces the datasets that were used

in this study’s experiments and summarises the applicability of existing ear data for ear

L
~
_ o

Figure 2. 1 Samples from the CP ear dataset

biometrics.

4

2.1.1. The University of Science and Technology Beijing Ear

Datasets (USTB Ear Datasets)

Three ear datasets were collected by The University of Science and Technology Beijing
(USTB) [109].

1. USTB Dataset 1

This dataset was compiled using information from 60 subjects; there are three images for
each subject, making a total of 180 images. The images are normal frontal images with
trivial angle rotation and illumination variants. Each image has 256 grey scales, and all are
sheared. This dataset was used for ear recognition purposes. Figure 2. 2 presents some

samples from USTB dataset I, in which three consecutive images belong to a single person.

AARRER

Figure 2. 2 Samples from USTB dataset I

b
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2. USTB Dataset 11

USTB dataset II contains 308 images from a total of 77 volunteers (four images for each
subject). The images in this database were taken in profile at a resolution of 300 x 400
pixels and included variations in illumination and rotation. The first image is the frontal
ear image under standard illumination conditions, and the second and third images are
the respective ear images after a rotation of + 30°. The fourth image is presented under
weak illumination conditions. This dataset supported the research into ear recognition
under variations in illumination and rotation. Figure 2. 3 presents some of the dataset’s

images; here, the images in each row belong to a single person.

.

Figure 2. 3 Samples from USTB dataset II

3. USTB Dataset 111

USTB dataset III contains ten images from each of its 79 different subjects. The images are
right-facing profiles, and no illumination variations are considered. The profiles were
captured from a distance of 1.5 metres and show a rotation to the left by 5°, 10°, 15° and
20°. There are two images for every rotation, and the dataset includes some partly
occluded images. Figure 2. 4 presents some samples from a single subject in USTB dataset

III, which was used for gender classification.



Chapter 2 Ear as a Biometric and Identity Science 16

25888
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Figure 2. 4 Samples from USTB dataset III

2.1.2. SC Face Dataset

The SC face dataset [17] as collected by The Technical University of Zagreb and contains
4,160 images from 130 subjects. A subset of this database contains images of each subject.
Each of the 130 subjects in the SC face database has nine images in different poses. One is
amugshot taken at 0°, while the other images are rotated from — 90° to + 90° (four left-
side images and four right-side images). However, as the ears of some of the subjects were
entirely occluded by hair, 100 subjects without total occlusion were selected for the
experiments in this study. Figure 2. 5 presents some samples from the SC face dataset,
which was used in this study’s ear symmetry experiments. The images show the subjects

and the derived ear images.
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Figure 2. 5 Samples from the SC face dataset

17
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2.1.3. Annotated Web Ears Dataset

The Annotated Web Ears (AWE) [110] database was compiled by the University of
Ljubljana. This dataset contains 1,000 images of the ears of 100 different subjects and
includes 520 images of left ears and 480 images of right ears. All were obtained from the
web by compiling a list of people for whom it was reasonable to assume that a large
number of online images could be found. Similar to other datasets collected in the wild,
this list mostly featured actors, musicians, politicians, etc. Figure 2. 6 presents some
samples from the AWE dataset, which was used for the gender classification and ear

symmetry experiments in this study. All the images belong to the same subject.

Figure 2. 6 Samples from the AWE dataset

2.1.4. SOTEAR Dataset

The SOTEAR dataset [21] was collected by us, for kinship recognition and gender
classification, and this is the first dataset that contains kinship information. The family ear
dataset was collected for this study and contains 134 images and was collected for the
kinship verification and gender classification experiments in this study. It includes 21
families (21 parents) and 25 children (16 sons and nine daughters). Each subject has two
ear images taken from the left and right sides, and all the images were captured from any

angle and under any illumination conditions. The database includes two children under
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the age of eight and two between the ages of eight and 12. This dataset is available on
GitHub [21]; however, because there are not many subjects yet, additional images of family
ears will be added in the future for wider use. Figure 2. 7 shows some samples from two

families (each line contains a single family).

Figure 2. 7 Samples from the SOTEAR dataset

2.1.5. Other Ear Datasets

1. The Institute of Technology Delhi Dataset

The Institute of Technology (IIT) Delhi dataset [111] contains two sub-datasets. The first
includes 493 images from 125 subjects, each with at least three images. All the images were
taken from a distance using a simple imaging setup, and the imaging was performed in an
indoor environment. All the subjects were aged between 14 and 58 years. The second
dataset contains 793 images from 221 volunteers, and its images were automatically

cropped and normalised.
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2. The National Cheng Kung University Dataset

The dataset from the National Cheng Kung University (NCKU) in Taiwan [112] contains
90 subjects, each with 74 images. Each subject was captured at different rotation angles
between — 90° (left profile) and 90° (right profile); profiles were captured at
incremental rotations of 5°, and two images were obtained for each angle. All images were

taken under the same lighting and distance conditions.

3. National Institute of Standards and Technology Mugshot Identification

Dataset

The National Institute of Standards and Technology (NIST) [113] Mugshot Identification
(MID) special database contains both front and side (profile) views. It includes 131 cases
with front views and profiles, and each case has two or more subjects. The information for

each image includes gender and age.

Additionally, other ear or head profile datasets for ear biometrics are available. The
FEARID [114] database was compiled by the FEARID project and includes 7,364 images
from 1,229 subjects. It differs from other datasets in that it contains ear prints rather than
ear images. The XM2VTS dataset [18] comprises frontal and profile facial images from 295
subjects; however, this dataset is not freely available. The University of Notre Dame (UND)
database [115] contains both 2D and 3D datasets, which can be used to compare 2D and
3D techniques. The UBEAR dataset [116] includes 4,429 profile images captured from both
the left and right sides of 126 subjects and provides a good indication of intra-subject
variation. EarVN1.0 dataset [117] is new a large-scale ear images dataset which contains
over 28,412 ear images of 164 subjects. The images have variation in pose, illumination,
occlusion, resolution, light condition. Figure 2. 8 shows some samples from these

additional datasets.

IIT Delhi NCKU MID
Figure 2. 8 Samples from other datasets
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We have described all the datasets that were used in this study’s ear biometrics
experiments and presented a summary of the ear datasets available for use in ear
biometrics in chapter 2.1. There are many datasets available for evaluating the different
approaches to ear biometrics. The family ear dataset was collected for the kinship
verification of ear images, and all images were unconstrained. However, because this
dataset includes only a limited number of families, additional images of family ears will

be collected in the future.

2.2. Ear Detection

Ear detection is a necessary step for automated ear biometrics. Many published
recognition approaches have achieved this manually. This section summaries state-of-the-
art techniques in automatic ear detection. Generally, all the ear detection approaches rely
on mutual properties of the ear’s morphology [22]. Table 2. 1 shows the results of different

ear detection approaches.

Table 2. 1 Summary of ear detection approaches

Database | Publication Technique Accuracy
Islam et al.[23] AdaBoost 100%
UND Arbab-Zavar et al. | Hough transform 91%
[26]
Resmi et al. [36] Banana wavelets and Circular | 85.56%

Hough transform

Sarangi et al. [29] Modified Hausdorff Distance | 94.54%
UND-E (MHD)
Kamboj et al. [121] CED-Net-2 95.47 %
Zhang et al. [31] Multiple Scale Faster Region- | 100%
based Convolutional Neural
Network
UND-J2 Mursalin et al. [37] EpNet 93.09%12.67 %
Zhu et al. [73] PointNet++ 93.0%
Kamboj et al. [121] CED-Net-2 98.0%
Arbab-Zavar et al. | Hough transform 100%
XM2VTS [26]
Cummings et al.[27] | Image ray transform 99.6%

Ibrahim et al.[28] Banana wavelets 100%




Chapter 2 Ear as a Biometric and Identity Science »

Zhang et al. [31] Multiple Scale Faster Region- | 99.22%
UBEAR based Convolutional Neural
Network
Kamboj et al. [121] CED-Net-2 99.84 %
Yuan et al.[24] Improved AdaBoost 99.54%
USTB Yuan et al. [32] YOLO 98.67 %
Kamboj et al. [121] CED-Net-2 99%
Emersic et al. [33] PED-CED 99.4%+0.6%
Ganapathi et al. [34] | Ensemble model (3 models) 99.52%
AWE Bizjak et al. [35] Mask R-CNN 99.7 %
Zhang et al. [31] Multiple Scale Faster Region- | 98%
based Convolutional Neural
Network
Sarangi et al. [29] Modified Hausdorff Distance | 91%
CVL (MHD)
Cintas et al. [122] CNN 94.1%
IITK Prakash et al. [123] Distance transform template 95.2%
Kamboj et al. [121] CED-Net-2 99%
IITD Kumar et al.[124] Morphological operators NA
Kamboj et al. [121] CED-Net-1 72%
WVU Said et al. [25] Morphological operators 90%
Various Naggar et al. [30] Fast R-CNN 98%

Databases

Islam et al. [23] used an automatic and fast technique based on the AdaBoost algorithm
which is used to detect a subject’s ear from his/her 2D image. Yuan et al. [24] improved
AdaBoost algorithm by two stage: off-line cascaded classifier training and on-line ear
detection. Otherwise, Said et al. [25] used a low computational cost appearance-based
feature for segmentation and they used a Bayesian classifier to detect the output of
segmentation. Kumar et al. [124] also used morphological operators for ear detection. The

ear shapes were extracted by a series of grey scale morphological operations.

Some model-based approaches have used the Hough transform to detect ears. It is a basic
approach for finding the geometric shapes from images. Arbab-Zavar et al. [26] presented
an ear enrolment algorithm based on finding the elliptical shape of the ear using a Hough

transform (HT) measuring tolerance to noise and occlusion. They used the Canny operator
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to detect the edges, and this was used in an accumulator for centre of the ellipse.
Cummings et al. [27] used the image ray transform, based on an analogy to light rays, to
detect ears in an image. This transformation can highlight tubular structures such as the

helix of the ear but also spectacle frames. Figure 2. 9 shows the samples of ear detection.

Prakash et al. [123] proposed a novel technique for ear detection, making use of the
connected components in graphs obtained from the edge maps of the profile images, and

this technique is rotation, scale and shape invariant.

(A) Filtered and thresholded images [25] (B) Ray Transform [27]

id)

{f) g {h) (i}

(C) Ear images with banana filters (a) Input image, and (b)-(i) after convolution with
8 banana filters [28]
Figure 2. 9 Examples of ear detection

Ibrahim et al. [28] employed a bank of curved and stretched Gabor wavelets, known as
banana wavelets. Resmi et al. [36] used banana wavelets and circular Hough transform for

ear detection. They also calculated the efficiency of the proposed method using automatic

classification techniques. They used LBP and bank of Gabor filters to extract features from
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segmented ear image, and they used different classifiers to determine whether the

segmented portion of the image is class Ear or Non Ear.

Sarangi et al. [29] used modifying the Hausdorff distance for ear detection. Their method
first segments a skin region from the non-skin region. Ear template was created to detect
various ear shapes. The Hausdorff distance was used for measuring the similarity likeness

between the template and input image.

In recent years, more and more increasing numbers of studies have used deep learning to
detect the ear. Naggar et al. [30] presented an ear detection system using Faster R-CNN.
There were two stages in their training. In the first stage, classification is achieved by using
an AlexNet model to classify ear and non-ear segment. In the second stage, the unified
region proposal network with Alexnet was trained for ear detection. Zhang et al. [33] also
described an approach involving Multiple Scale Faster Region-based Convolutional
Neural Networks (Faster R-CNN) to detect ears from profile images automatically. The
study in [31] made a breakthrough with the challenge, including pose variation, occlusion
and scale. First, they detected three regions of different scales to infer the information
about the ear’s location in the image. Next, they proposed an approach based on ear region

filtering to extract the correct ear region and remove the false positives automatically.

Yuan et al. [32] presented a real time detection for ears based on embedded systems. The
framework used for ear detection is YOLO (You Only Look Once), which is an object
detection system used for real time processing. They used YOLO-v2-tiny network which
is an enhancement version of YOLO in terms of speed. Their approach achieved a good
detection performance in case of complex conditions such as poor illumination and partial
occlusion. Emersic et al. [33] presented a pixel-wise ear detection technique based on
Convolutional Encoder-Decoder networks (PED-CED). In this paper, they described the
ear detection as a two-class segmentation and trained a convolutional encoder-decoder
network based on the SegNet architecture to distinguish the image-pixels and determine
if they are ears or not. The processing step remained the two largest regions or one (if only
one was detected) and discards the rest. They compared the location of the ground truth
that is marked manually with output of the PED-CED to evaluate the performance.
Ganapathi et al. [34] proposed a method using an ensemble of convolution neural network
(CNN). The first part of this approach was training the datasets on three models of CNN.
The second part was using the weighted average of the outputs of trained models to detect
the ear region. Bizjak et al. [35] proposed detecting the ear by using Mask R-CNN. This
was the extension of Faster R-CNN, which used bounding box detection. For the Mask R-
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CNN, they added a branch for predicting the objects and used the existing branch for
bounding box detection. The advantage of Mask R-CNN is locating the pixels of each
object exactly to instead of bounding boxes. Mursalin et al.[37] proposed a deep neural
network for 3D ear detection which named EpNet, and this network can detect directly
ear from 3D point clouds. An automatic pipeline was proposed to annotate ears in the
profile face images of UND ]2 public data set in this paper. Zhu et al. [73] used PointNet++
for ear segmentation. Cintas et al. [122] used convolutional neural networks together with
geometric morphometrics to detect the ears with partial occlusions. Kamboj et al. [121]

proposed two ear detection models: CED-Net-1 and CED-Net-2.

2.3. Ear Recognition

Techniques for identifying humans by ear images can be categorized as 2D ear recognition

and 3D ear recognition. Table 2. 2 presents a summary of these techniques.

Table 2. 2 Summary of ear recognition approaches

Database Publication Technique Accuracy
Kumar et al. [46] LRT 92.9%
Prakash et al. [48] UND 2.25% EER
Chen et al. [55] ICP 96.4%
Zhou et al. [58] Holistic and local feature | 98.6%
UND Keypoint description
Ganapat et al. [56] ICP 98.6%
Yan et al. [57] PCA 98.8%
Yan et al. [39] ICP 63.6%
PointNet++, 84.1%
Zhu et al. [73] LJS descriptors 98.82%
Kamboj et al. [127] CG-ERNet 100%
Hurley et al. [4] Force Field Transform 99.2%
Arbab-Zavar et al. [44] | SIFT (non-occlusion) 91.5%
XM2VTS SIFT (20% occlusion) 80.4%
PCA (non-occlusion) 98.4%
PCA (20% occlusion) 12.7%
Zarachof et al. [41] PCA 51.3%
Murukesh et al [47] PCA, FLDA 92%
IITD Omara et al. [49] Geometric feature 99.6%
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Anwar et al. [50]

Geometric feature

98 %

Hassaballah et al. [126] | ALBP 94.724+3.06%
Kamboj et al. [127] UALBP 94.73+2.77%
Priyadharshini et al. | CG-ERNet 96.8%
[130] CNN 97.36%
Jangilla et al.[42] BPPCA 94.73%
Guo et al. [45] LSPB, LBP 93.3%
USTB Tian et al. [61] Gabor-SIFT 93.1%
Omara et al. [49] Geometric feature 98.33%
Wang et al. [52] ULBP, wavelet transform | 100%
Sajadi et al. [63] Generic Algorithm 100%
USTB Sinha et al. [59] CNN, HOG 97.9%
Omara et al. [65] VGG, ResNet 94.31+2.82%
Kamboj et al. [127] CG-ERNet 96.66%
Google DB Oravec et al. [40] PCA 100%
55% (rotated)
Khaldi et al. [64] DCGAN, CNN 50.53%
Omara et al. [65] VGG, ResNet 78.13+3.52%
AWE Emersic et al. [54] AlexNet, VGG-16, | 96.09%
SqueezeNet
Hassaballah et al. [126] | ALBP 42.2042.29%
UALBP 38.40 £3.09%
Hassaballah et al. [126] | ALBP 71.431+1.86%
AWI Omara et al. [65] UALBP 69.86+2.45%
Khaldi et al. [64] VGG, ResNet 98.374+0.72%
Alkababji et al. [129] DCGAN, CNN 96.00%
Priyadharshini et al. | CNN, PCA 97.73%
[130] CNN 96.99%
Oravec et al. [40] PCA 40%
WPUT Hassaballah et al. [126] | ALBP 38.71+4.79%
Omara et al. [65] UALBP 35.60+3.76%
VGG, ResNet 72.67£1.19%
FERRET Chang et al. [62] PCA 71.6%
ERJU Banerjee et al. [43] Force Field Transform 97.71%
UCR Chen et al. [55] ICP 96.8%
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EarVN1.0 Alshazly et al. [69] CNNs 93.45%

Victor et al. [38] PCA 40%

Jangilla et al.[42] BPPCA 90.32%

Ying et al. [51] Weighted wavelets | 98.1%
- transform and DCT

Ying et al. [66] CNN 98.56%

Eyiokur et al. [53] VGG-16 99.7%

Almisreb et al. [60] AlexNet 100%

Hassin et al. [128] SIFT 92%

2.2.1 2D Ear Recognition

2D ear recognition approaches can be divided into five different subclasses depending on

the technique for feature extraction:

1.

2.

holistic approaches;
local approaches;
geometric approaches;
hybrid approaches;

deep learning.

Holistic approaches consider ears as a whole, which means they consider the appearance

of the ear. Local approaches concentrate on the local parts of the ears. Geometric

approaches utilise the geometrical features of the ear structure, such as the distance

between tragus and antitragus and the shape of the ear (almost elliptical). Hybrid

approaches gather the different techniques and the aim to improve the performance, even

though this involves more complex computations. Deep learning is currently very popular

for ear recognition, and it essentially depends on the appearance of the ear. However,

contrasting with holistic approaches, which are also based on the appearance of ears, deep

learning achieves good results for dealing with occlusion. Although deep learning has

excellent performance for ear recognition, it needs many images for training to prevent

overfitting.
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1. Holistic Approaches

PCA is one of the most popular holistic techniques, and it was proved to be a very effective
way to reduce storage space. Victor et al. [38] is the first study of ear recognition with PCA.
Yan et al. [39] considered PCA for 2D ear recognition and ICP for 3D ear recognition.
Chang et al. [62] used PCA to compare the face recognition with ear recognition. Oravec
et al. [40] applied PCA to actual scenes to prove its practical feasibility. PCA was then
implemented to extract 2D features to identify the person. Zarachof et al. [41] evaluated
the performance of PCA based ear recognition in conjunction with super-resolution
algorithms. First, the image was down sampled. Second, the resulting image was
expanded to original size by various super-resolution methods. PCA was used to extract

features.

Some algorithms based on PCA were developed to improve performance. Jangilla [42]
used bilinear probabilistic PCA (BPPCA) for feature extraction, and Murukesh et al. [47]
presented Contourlet transform and Appearance shape model (ASM) for feature

extraction.

Masked mean image and normalized image for Force field feature extraction for an
ear [38] ear [4]
Figure 2. 10 Examples for feature extraction (holistic approach) for 2D ear images

In addition, there are also some other global features, such as, force field transform. Hurley
et al. [4] proposed a novel force field transform in which the image is treated as an array
of Gaussian attractors that act as the source of a force field. Banerjee et al. [43] presented
an approach based on the force field transform. They used force field transform to enhance
ear structure from a redundant background. Figure 2. 10 shows some examples of holistic

approaches for ear recognition systems.
2. Local Approaches

Local feature is a local representation of an image that reflects local image characteristics

[16]. Scale-Invariant Feature Transformation [76] (SIFT) and Speeded-up Robust Feature
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[77] (SUREF) are very popular for local feature extraction. Arbab-Zavar et al. [44] proposed
a new model-based approach, which uses the structure of the outer ear, with the
advantages of being robust in noise and occlusion. The model is a constellation of
generalized ear parts, and the authors used SIFT for feature extraction. The feature vectors
are the sets of keypoints detected by SIFT. The model acts as a mask for keypoints selection,
only using the keypoints in the model for ear recognition. Arbab-Zavar et al. [78] proposed
a part-wise description of the ear derived by a stochastic clustering on a set of scale
invariant features of a training set. The feature extraction used SIFT, and the model was
constructed using a stochastic clustering method on the SIFT keypoints of the training set.
Tian et al. [61] also used SIFT for extracting the key points of ear images, and then the
features of key points are extracted with the local multi-scale analysis feature of the Gabor
wavelet. Prakash et al. [48] used SURF to find some unique feature points from ear images.
Hassin et al. [128] used a likelihood detector to divide the ear images into skin and non-
skin pixels, and then used SIFT for the extraction of ear features. Euclidian Distance

Measure used for evaluating the recognition system.

Local Binary Patterns [79] (LBP) and the extension of LBP was widely used for ear
recognition. Guo et al. [45] proposed a novel approach for ear recognition that combined
local similar binary pattern (LSPB) and local binary pattern (LBP). Kumar et al. [46]
presented local random transform (LRT) as transform coefficient features. Hassaballah et
al. [126] proposed a new variant of the traditional LBP operator for ear recognition,
referred as to local binary patterns (ALBP), and they applied this method to constrained

and unconstrained ear datasets.

SIFT keypoints for an ear Normalized ear image sample SURF keypoints for an
image [44] [46] ear image [48]
Figure 2. 11 Examples of feature extraction (local approaches) from ear images
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Yuan et al. [80] described a 2D ear recognition approach based on local information fusion
under partial occlusion. The whole image is divided into sub-windows. For each sub-
window, they used Neighbourhood Preserving Embedding to extracting features. Figure

2.11 gives some samples of feature extraction from ear images by local approaches.
3. Geometric Approaches

The geometric feature is another approach for ear detection. Omara et al. [49] proposed a
method for using geometric features for ear recognition using the Canny operator to detect
the edge, and the geometric feature extraction based on maximum and minimum Ear

Height Line (EHL). The Euclidian distance was used for matching.

Anwar et al. [50] presented a new algorithm for ear recognition based on geometrical
feature extraction. The feature vector consisted of seven values, which are the means of
some ear image measurements, such as x coordinate of centroid, y coordinate of
centroid and four different distances from a matrix, which contain Euclidian distance
between every pixel in the image. Figure 2. 12 shows an example for using geometric

approaches to extract features from ear images.

uls Wrs
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Figure 2. 12 An example of feature extraction (geometric approaches) from ear images
[49]

4. Hybrid Approaches

These approaches combined the components from the other categories to increase the

performance of the ear recognition.

The approach of Ying et al. [51] combined wavelet transform and discrete cosine transform

(DCT). Another hybrid method based on PCA and wavelet transform, which was
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proposed by Nosrati et al. [81]. LBPs and Haar wavelet transform were also used for ear
recognition by Wang et al. [52]. Taertulakarn etal. [82] used Gaussian curvature to
determine 3D ear boundaries, and then the mapped of the 3D ear boundaries on 2D images.
The hybrid approaches aim to increase the correct recognition for the ear, but they are
more complex than approaches based on holistic, local or geometric approaches. Sajadi et
al. [63] applied Gabor-Zernike operator to extract global features of ears, and the local
phase quantization operator is used for extracting the local features of ears. Then, they

used genetic algorithm to select the optimum combination of global and local features.

5. Deep Learning

Deep learning has been used for ear recognition in recent years, motivated by its superior
performance. However deep learning methods can be limited by a lack of training data.
Sinha et al. [59] discussed the feasibility of deep neural networks (DNNS) in the field of
ear biometrics. They used Histogram of Gradient (HOG) and support vector machines
(SVMs) for ear localization, then a CNN for ear recognition. Ying et al. [66] described a
human ear recognition algorithm based on a convolutional neural network. The Dropout
technology was introduced in the final fully connected layer to prevent network
overfitting. Khaldi et al. [64] proposed a framework that includes Deep Convolutional
Generative Adversarial Networks (DCGAN), and Convolutional Neural Network (CNN)
models. Omara et al. [65] extracted features by VGG and ResNet pre-trained models, and
then the Mahalanobis distance is learned based on LogDet divergence metric learning.
Kamboj et al. [127] presented a novel Siamese-based CNN (CG-ERNet) for ear recognition
and used Curvature Gabor filters to exploit domain-specific knowledge. [129] used fast
region based convolutional neural networks for ear detection. They used CNN for feature
extraction, and PCA used for feature reduction. Priyadharshini et al. [130] proposed a six-
layer deep convolutional neural network architecture for ear recognition. This model
contains six levels of convolutional layers. A sub sampling layer was introduced to reduce
the dimension of the feature maps after every convolutional layer and a batch
normalisation layer was introduced to improve the stability of the network after every two

convolutional layers.

There are some researches for unconstrained ear recognition problem in recent years.
Emersic et al. [67][68] presented the summaries of the unconstrained ear recognition
challenges in 2017 and 2019. In [67] the results are presented for five groups, and six ear
recognition techniques are evaluated. The challenges of unconstrained ear images include

head rotation, flipping, gallery size, and large-scale recognition and the others. They had
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found that the robust performance is based on a smaller part of the dataset, but there was
still a significant performance drop when the entire dataset was used for testing. In [68],
the results presented for 12 groups and submitted 13 recognition approaches based on
descriptor-based methods and deep learning methods. Deep learning methods had better
performance than the techniques relying on hand-crafted descriptors. Eyiokur et al. [53]
studied the unconstrained ear recognition problem. A deep convolution neural network
(CNN) model was used for ear recognition and showed the significance of domain
adaptation. Emersic et al [54] built a CNN based ear recognition model. They explored
different strategies towards model training with limited amounts of training data and
showed that by selecting an appropriate model architecture, using aggressive data
augmentation and selective learning on existing (pre-trained) models, they were able to
produce an effective CNN-based model using a little more than 1300 training images. [60]
applied transfer learning to the AlexNet Convolutional Neural Network (AlexNet CNN)
for ear recognition from unconstrained ear images. Though deep learning requires a great
deal of data, transfer learning is an approach for solving classification problems with a
small amount of data. Alshazly et al. [69] used AlexNet, VGGNet, Incaption, ResNet and
ResNeXt for unconstrained ear recognition., and then employed the t-SNE algorithm to

visualize the learned features. Ear recognition in the wild was also discussed in [70][71][72].

2.2.2 3D Ear Recognition

In 2D ear recognition, the accuracy is affected by pose variation, and rotation variation.
For a 3D model, these influences were not unconsidered because a 3D representation of

the subject can be adapted to any rotation, scale and translation [74].

Chen et al. [75] proposed a complete 3D ear recognition system that included 3D ear
detection, 3D ear recognition and 3D ear verification. Yan et al. [57] used an ICP (Iterative
Closet Point) -based approach for 3D ear recognition. Zhou et al. [58] presented an
approach combining holistic and local features for 3D ear recognition. Zeng et.al [120]
presented a local feature descriptor based on 3D ear images. Ganapathi et al. [83] proposed
an approach for recognition by co-registering 3D and 2D ear images. The technique is
based on local feature detection and description. Ganapathi et al. [84] presented a method
for 3D ear recognition based on a global 3D descriptor, and they presented a strategy to
combine local and global descriptors for superior recognition performance. Feature
keypoint detection and description techniques have been proposed by Ganapathi et al. [56]

for 3D shape recognition. These techniques precisely discriminate different classes of
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shapes. Zhu et al. [73] proposed an L]S feature descriptor-pairwise surface patch cropped
using a symmetrical hemisphere cut-structured histogram with an indexed shape (PSPHIS)

descriptor. Figure 2. 13 depicts two samples of feature extraction from 3D images.

¥
1%

Reference of ear shape [75] Detected keypoints on 3D ear images
[56]
Figure 2. 13 Example of feature extraction for 3D ear images

2.4. Identity Science and Ear Biometrics

As in other biometrics, there are wider aspects to identification, and more recently it has
been shown that gender can be determined automatically from ears. There are a several
studies on the other soft biometrics’ traits that can be determined from ear images, such as

age classification. Table 2. 3 presents the summary of gender classification from ear images.

Table 2. 3 Summary of gender classification from ear images

Publication Technique Database Accuracy
Khorsandi et al. [85] Gabor Filter UND 89.49%
Gnanasivam et al. [8] Geometric features - 90.42%
Lei et al. [86] ECM, HIS, SPHIS UND F 92.94%
UND ]2 91.92%
Yaman et al. [9] Geometric Features Own dataset 65%
Deep Learning 94.%
Yaman et al. [10] Deep Learning Own dataset > 99%
Yaman et al. [87] Deep learning FERET 98.00%
Nguyen-Quoc etal. [88] | HOG, CNNs EarVN1.0 91.12%




Chapter 2 Ear as a Biometric and Identity Science 34

2.3.1 Gender Classification from Ear Images

Khorsandi et al. [85] presented the first research for the gender classification using 2D ear
images based on sparse representation. In [85], the Gabor filters are used for feature
extraction. Gnanasivam et al. [8] used the Euclidian distance between the ear features and
ear hole. The ear features consisted of the outer lobe edge, outer and inner curve of the
helix, outer and inner curves of antihelix and two edges of the concha. The Bayes classifier,
K-Nearest Neighbour (KNN) classifier and the neural network classifier have been used
for the classification. The first paper on the gender classification using a 3D ear database
[86] used three types of features: Ear Curvedness Map (ECM), Histogram of Indexed
Shapes (HIS) and Surface Patch Histogram of Indexed Shape (SPHIS). They used a Neural
Network Classifier, Support Vector Machine (SVM) and Adaboost. There are two samples

for gender classification from ear images in Figure 2. 14.

’

v

Gabor features of ears [85] Geometric Features of ear
images [9]

Figure 2. 14 Examples of gender classification from ear images
There is some research on gender classification from ear images that uses deep learning.
The superior performance of deep learning is not only demonstrated in ear recognition,
but also in gender classification from ear images. Yaman et al. [9] presented gender
classification from ear images; this paper used geometric features and appearance-based
features for gender and age classification, 16 geometric features from the eight landmark
points. In addition, they have employed convolutional neural networks for representing
and classifying the ear’s appearance. They used well-known CNN architectures, namely,
AlexNet, VGG-16, GoogLeNet and SqueezeNet. At the end of all these deep network

architectures, SoftMax layer was used as a classifier. Yaman et al. [10] conducted another
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study on gender classification using ear and face profile images and proposed end-to-end
multimodal deep learning frameworks. They used different multimodal strategies, such
as employing data, feature, and score level fusion. They utilized domain adaptation and
employed centre loss besides softmax loss to increase representation and discrimination
capability of the deep neural networks. The accuracy of the gender classification in this
paper exceeded 99%. This is the state-of-the-art technology for gender classification.
Yaman et al. [87] applied CNN models on FERET dataset for age and gender classification
from ear images. Nguyen-Quoc et al. [88] used HOG and CNN models for gender
classification from ears, and EarVN1.0 dataset had been used for these experiments. Figure
2. 15 gives an overview of the multimodal, multitask age and gender classification

framework.



Chapter 2 Ear as a Biometric and Identity Science

ki Softmax

' Center
i [ —, = = Loss
Ly } :.;' T NN = —
3 U OO sofinas Loss
EE — o Loss
L ) E
! Center
Representation o firhs
Classifier
(a)
22432246
= = = Softmax
"SI N[ | == — Loss
gl A
. ) | Center A
Loss
—> Total
[Softmax]| Loss
— = = | Loss | '
=y H \,' T -: I ] —'_ I _T
}- il ! VT A Contar
. Classmer
L, . J
Representation
(b}
NN = J Probability
0% G e, B
| score
| fusion
Softmax
P Loss
=y | =, = Ly Center
w3 D P - “ —N N N g Total |, [Probability_|
: S i | || Loss BCOres
- b , Softmax
Loss
\ )
T ¥
Representation (] _,_c::w
Classifier

Final
Scores

(c)

Comvolubional Layers

Fuly Cennected / Classifier Layers

Ape Loss Func
Genger Loss Func
Comiined Loss Func

36

Figure 2. 15 Example of age and gender classification from ear images by deep learning

[87] (a) shows data fusion method. (b) shows feature fusion method. (c) shows the score

fusion method.

2.3.2 Ear Symmetry

Yan et al. [39] were the first to mention the symmetry of ears and indicated that around

90% of people’s right and left ears show bilateral symmetry. They considered 3D ear

symmetry and formulated results of oblique (15°,30°,45°) views with a 24-subject dataset.

Although these are naturally welcome advances, they do not present a concerted study on
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a large database and compare different techniques. Abaza et al. [89] presented an analysis
of symmetry of human ears, using a semi-automated mode and geometric features, with
an Equal Error Rate (EER) of 16.8%. They also used Eigen-Ears (PCA) and the Shape From
Shading (SFS), with the EERs of 21.1% and 17.1%, respectively. Toygar et al. [90] also
indicated symmetric ear and profile face fusion. They used LBP, LPQ and BSIF algorithms,

and the best performance of using ear images without profile faces was 76.1%.

Previous studies did not consider rotation, and ears were recorded in laboratory
conditions with the subject looking straight ahead. Figure 1. 8 shows how a subject’s head
may be inclined or rotated, especially during a criminal act. Only three angles are
discriminated in [39], where ear symmetry is considered based on the appearance of ears,
rather than its structure. However, some subjects” heads were rotated along the yaw or

pitch axes, which can change the appearance of the ears.

2.3.3 Age Classification from Ear Images

Yaman et al. [9] presented an approach for age classification from ear images. It is the first
research for age classification from ear images. In [9], the authors used geometric features
and appearance-based for age classification and they have used deep learning for age
classification. Yaman et al. [10] conducted another study on age classification using ear

and face profile images.

2.3.4 Ear Print

Hoogstrate et al. [91] investigated the possibility of ear identification for ear images
derived from a surveillance camera. They used a better camera for surveillance to increase
the chance of identifying an offender. Lugt [92][93][94] proposed using ear prints as
evidence to identify a criminal. The claim that personal identification can be established
via the ear print left by perpetrator at the scene of crime was later discredited [119]. The
studies on the measures of ear and the morphology of various ear features on a sample of
500 male images. Meijerman et al. [95][96] launched the Forensic Ear Identification Project
(FEARID) in Europe, that aimed at individualization of ear prints. They have been
extensively researched on studying inter and intra -individual variability in ear prints,
changes in ear prints on the application of different magnitude of force, and
individualization of prints. Alberink et al. [97] also presented the ear prints which can be

used as a criminal evidence.
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2.5. Conclusions

Ear biometric systems are no longer in the initial phase of development. There has been
significant progress, not only in ear recognition, but also in extracting soft traits from ear
images. A survey of the ear biometrics has been presented in this chapter, we have stated
two main steps of ear biometrics: the first step is the ear detection, and the second one is

feature extraction for identification, gender classification, and age classification.

Ear biometric systems are improving. There has been some research addressing pose
variation, rotation variation, illumination variation, occlusion and so on. In addition, ear
soft biometric is largely in early stages. Gender classification was discussed by more and
more researchers. Otherwise, the ear prints can be used as an evidence for accusing

criminal.

For comparing with these works of 2D ear recognition, gender classification and ear
symmetry, we propose a new model based on geometric features for 2D ear recognition
and gender classification. For our model, we use SIFT to detect the landmarks
automatically. We also apply transfer learning to VGG-16 [101], GoogleNet [103] and
ResNet-50 [104] networks for human identification, gender classification and symmetry
from ear images. Although there are many studies of ear recognition based on deep
convolutional neural networks, there is no study about why the networks can classify the
ear images. Therefore, we use heatmaps to show the contributions of different ear regions
for ear recognition and ear symmetry, also, the heatmaps of genders can show the
difference between male and female ears. Moreover, there are some studies on the other
soft biometrics’ traits that can be determined from ear images, such as gender and age

classification from ear images, and we propose the kinship recognition from ear images.
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Chapter 3

Model-based Approach for Ear

Biometrics

Ears have rich structures for biometrics and many studies have utilised the appearance of
ears. However, we consider using different parts of ears based on the ear’s anatomy, using
a model-based approach to denote the local parts of the ears. Considering ear occlusion by
hair, local approaches can perform better than holistic approaches because the local
approaches for ear recognition are based on the description of local parts. Implicitly,
approaches that use structure are less susceptible to occlusion than approaches which use
the whole ear. Of the model-based approaches, those that are based on local features are
less prone to occlusion than those using a global model. Holistic approaches require a
database showing all possible occlusions. Based on a local approach, this problem is
mitigated by the fact that the occlusion occurs largely at the rear and top of the ear. By this,
local approaches based on the lower parts of the ear near the front are the least susceptible

to occlusion by hair.

This chapter presents the algorithms that are used for our model. First, we use Hough
Transform for ear detection, and then use SIFT to extract landmarks of ear images, that are
used for calculating the distances of our geometric model. Some ear images are influenced
by hair, so we apply force field transform to remove the noise of ear images. The datasets

used for our experiments have some rotation, we utilise affine transformation to correcting
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the viewpoints. Moreover, histogram of gradients is also used for feature extraction, and
kNN is used for classifications that use Euclidian distance, Manhattan distance and

Mahalanobis distance to measure the similarity. Figure 3. 1 shows the general steps of the

this approach.
Divided | Accuracies of
Images Each Region
F 9
Training Dat =»| Ear Detection > Feature > ificati
raining Data > Extraction ¥ Classification
/ ¥ .
Hough Force Field
KNN
Transform Transform SIFT HOG
Find o | Correct the
keypoints | viewpoints
A
Affine
Transformation

Figure 3. 1 Flow chart of model-based approach

3.1. Model for Ear Biometrics

It is possible to determine human identity, gender and kinship by appearance-based
features from ear images. However, this would only suggest performance capability and
would not identify salient structures for future investigation. We therefore decided to use a
model-based approach. Essentially, we model the ear as a flat plane which is attached to the
side of the head. This means that the affine transform can be used to correct changes in
pose/ viewpoint (perspective correction is unnecessary given the scale of the ear relative to
its context). We detect interest points in a guided manner, thereby identifying salient

structures within the ear itself.
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Figure 3. 2 Ear model points Figure 3. 3 Basis of ear
model

A primary description is to use triangles, given their strong invariant properties. Our model
consists of nine points, shown in Figure 3. 2, that form 84 triangles from which geometric
features can be extracted. Therefore, 252 (relative) distances can be computed among these
84 triangles. The points for the geometric features are shown in Figure 3. 3 and these have
reliably been detected on ear datasets. The red triangle shows one of the 84 triangles and the
basis used for the affine viewpoint correction. Figure 3. 3 shows six triangles of the 84 model

triangles.

We use Hough Transform to detect the ears. The ellipse (ear detection) has been detected
via the edges detected by the Canny operator, labelling the apices of the ellipse (the top-
most and bottom-most points). These are the first two ear points to be detected and define
a major axis from top to bottom. The third ear point is defined as the rear-most edge point
along a line normal to the central major axis at its centre. As shown in Figure 3. 3, this defines
a point on the rear helix of the ear. These points were found to be robust except in ear images

with severe occlusion by hair, when the ear can hardly be detected anyway.

The other landmarks are detected by SIFT, and each keypoint is depicted by a vector
showing its scale, orientation and location. There are many keypoints in an ear image; some
are detected on the hair, which are not significant for recognition. The noteworthy keypoints
describe specific ear components, such as the tragus, the antitragus and the triangular fossa,

as shown in Figure 3. 2. Figure 3. 4 shows a sample of ear locations detected by SIFT.
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Figure 3. 4 Ear locations shown by SIFT

The images used in this study were from a database where subjects were looking in a plane
normal to the camera view, so the ear appears flat. We also have another unconstrained
database where subjects’ ears are not necessarily normal to the camera view. These are the
ears that are corrected so as to make them appear normal to the camera view, using affine
transformation. When capturing the ear from the experimental subject using a camera,
people’s heads may have yaw axis rotation and pitch axis rotation (but not roll, assuming
the head is held in a vertical position). Thus, rotations are handled using the affine

transformation.

3.2. Hough Transform

In the first stage we use the Hough transform (HT) for ellipses to detect the ear, given good
performance in noise and occlusion [26]. The HT implementation defines a mapping from
the image points, represented in an accumulator space (Hough space) [98]. The mapping is
achieved in a computationally efficient manner, based on a function that describes the target
shape, but this mapping requires significant storage and high computational requirements
(these problems are addressed later, since they can provide ideas for the continuing
development of the HT). However, the fact that the HT is equivalent in performance to
template matching has given sufficient impetus for the technique to be among the most
popular of all existing shape extraction techniques. The result of applying the Hough
transform for ellipses in an ear image is shown in Figure 3. 5. The mapping of the ellipse is

defined as:
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(xcosa + ysina)? (xsina — ycosa)?
_ + =1
a b?

where a is the rotation of points (x,y) with axis lengths a, b.

Figure 3. 5 Hough transform for ear detection

3.3. Histogram of Gradients

The Histogram of Gradients (HOG) [99] is employed to describe the ear area surrounded

by points detected in the previous section. There are five steps in the computing of HOG

descriptors.

1.

Global image normalisation, equalization, and gamma (power law) compression, and

also the calculation of the square root or log of every colour channel.

Calculating the first order gradient of the image. This can capture contour and some

texture information, while resisting the illumination variations.

Computing gradient histograms. The window of the image is divided into small
spatial regions, or ‘cells’. For the pixels of every cell, a 1-D local histogram of gradient
or edge orientations is accumulated. This 1-D histogram forms the basic ‘orientation
histogram’ representation, and the gradient angle range is divided into a fixed number
of predetermined bins by every orientation histogram. The gradient magnitudes of the

pixels in the cell are used to vote into the orientation histogram.

Normalisation across blocks. Using local groups of cells, all the responses are
normalised before the next stage. The normalised block descriptors are described as
HOG descriptors.

Flattening into a feature vector. Collecting HOG descriptors from all the blocks, and

then constructing a combined feature vector for use in the window classifier.
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Figure 3. 6 shows the HOG of two ear images.

Figure 3. 6 HOG descriptions of two ear images

3.4. Scale Invariant Feature Transform

The SIFT (Scale-invariant feature transform) [76] automatically detects interest points and
their descriptions. SIFT is known to be a robust way to use landmark extraction, even in
images with small pose-variations and varying brightness conditions. SIFT landmarks
provide a measure for local orientation; they can also be used for estimating the rotation
and translation between two normalised ear images. The SIFT algorithm follows four main

steps for feature extraction:

1. Scale-space extrema detection: the first step of computation processes all scales and
image locations. Using the Difference of Gaussian to estimate scale-space extrema.

2. Keypoint localisation: the keypoint candidates are localised and refined by eliminating
low-contrast points.

3. Orientation assignment: each keypoint location is based on the assignment of one or
more locations based on local image gradient directions.

4. Keypoint descriptor: the local image descriptor for each keypoint is based on image

gradient magnitude and orientation.
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Figure 3. 7 Ear keypoints by SIFT

Figure 3. 7 shows an ear image with the keypoints detected by SIFT superimposed. Each
keypoint is depicted by a vector showing its scale, orientation and location. There are many
keypoints in an ear image; some are detected on the hair, which are not significant for
recognition. The noteworthy keypoints describe specific ear components, such as the
tragus, the antitragus and the triangular fossa, some of the structures shown earlier in

Figure 3. 2 which are important for our model.

Any point found by the HT that is not within the ellipse is discarded. For the database we
used, SIFT shows acceptable stability. SIFT correctly detected the desired points in 94.4%
of ear images in our database. SIFT has only failed to detect one or two of the desired
points in 5.6% of ear images. Our experiments therefore demonstrate the SIFT is stable

enough to be used in this ear biometric study.

3.5. Histogram (Intensity) Normalisation

Because some images were taken under weak illumination conditions without laboratory-
controlled illumination, and SIFT has partial invariance to change in illumination, it is
difficult to detect the points which we want to select for the model in some of the images.
Thus, to compensate for poor illumination we use histogram normalisation to obtain better

contrast images.

Here, the original histogram is stretched and shifted, to cover all 256 available levels. The

histogram of the input image starts at I,,,;, and extends up to I,,4, brightness levels, the
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minimum brightness level of the output image is 0,,;, and the maximum is 0,,4,. The

input level is defined as I and the output level is defined as O:

Omax - Omin

Ox,y = X (Ix,y - Imin) + Omin (Vx'y € 1' N)

Imax - Imin

Figure 3. 9 denotes the comparison of keypoints detected by SIFT in the original image and
an image using histogram normalisation (new image). Figure 3. 9 (a) is the feature
extraction from the original image and Figure 3. 9 (b) is the feature extraction from the new

image.

(a) original image (b) new image

Figure 3. 8 Comparison of keypoints by SIFT

3.6. Affine Transformation

Ear rotation is an important issue in ear biometrics. Planar rotations can effectively be
solved by alignment techniques. Manual ear alignment is the general method, and
automatic ear alignment studies have thus far found limited use. Thus, we propose that

ear rotation can be addressed by using affine transformation.

The affine transformation is defined as:

x'"l (a1 Q)X as
[y’] n [a3 a4] [y] + [a6]
As observed from the above equation, x,y are the original coordinates and x’,y’ are the

coordinates applied affine transformation. The affine transformation [100] has six degrees
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of freedom corresponding to the six parameters (a;, a,,az, a,,as,a¢) of the transformation
(scales, rotation and translation parameters), which can be calculated using non-collinear
correspondences. Figure 3. 10 shows an example of the affine transformation. Figure 3. 10
(a) is a reference image, and Figure 3. 10 (b) is the registered image, which rotates around

the yaw axis. Figure 3. 10 (b) changes to Figure 3. 10 (c) after affine transformation.

(a) gallery (b) probe (c) after affine

Figure 3. 9 Applying the affine transformation

3.7. Force Field Transform

The force field transform was inspired by electrostatics and electromagnetics and was used
in one of the earliest approaches to ear biometrics [4]. The ear image is transformed into a
force field image by assuming that each pixel is applying an attractive force to the other
pixel. Then, each pixel in the image is replaced by the corresponding force field created by
rest of the pixels at that point. The approach has an intrinsic averaging capability which
removes hair as it changes in local regions, and its basis also preserves broad features/ ear

structures.

Each pixel is considered to generate a spherically symmetrical force field so that the force
Fi(r;) exerted on a pixel of unit intensity at the pixel location with a position vector 7; by

any other pixel with a position vector r; and pixel intensity P(r;) is given by:
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The total force F(r;) exerted on a pixel of unit intensity at the pixel location with position

vector 1;

; is the vector sum of all the forces due to the other pixels in the image, and is

calculated by:

N-1
Fiy)= ). R
i=0,#]

Associated with the force field generated by each pixel, there is a spherically symmetrical
scalar potential energy field denoted by E;(rj). This energy is the potential energy
imparted to a pixel of unit intensity at the pixel location with position vector 7; by the
energy field of any other pixel with position vector r; and pixel intensity P(r;), and is
determined by:

P(ry)
|ri -

Ei(r;) =

The total potential energy of all the image pixels is given by:

N |

Because each pixel affects the other pixels with different distances, the potential energy

transformation is the inverse of the gradient of the potential energy surface at that point:
Foy = -V(EM))

Figure 3. 11 depicts the results of the force field feature extraction applied to ear images.

Figure 3. 10 Force field transform of different ears
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3.8. Classification

In this section, the classifier used for ear biometrics is kNN (k-nearest neighbourhood
algorithm), and the Euclidian, Manhattan, and Mahalanobis distance [98] measures are

defined below:
Dg = Z?’:1(xi - yi)?

Dy = Xiqlx; — yil

Dyan =0 = "X p — 1)
where x,y are the coordinates of image pixels and N is the number of pixels in the

image, p; = (m1;, m2;,m3;,---,mN;)T is sets of vector points, which have mean values

u = (ul,pu2,u3,+,uN)T and a covariance matrix X.

3.9. Conclusions

In this chapter, we described the general steps of our model and also presented all the
approaches that used in our model. Our model is based on ear anatomy and ear structure.
The advantages of our model include robustness in handling noise and rotation. Our
approach uses the Hough Transform to find the apices of the ears. It also exploits the SIFT
to detect the landmarks. The affine transformation is then employed to solve the rotated
ear images. The histogram normalisation is also used for a better contrast in ear images.
HOG and force field transform are also used to detect the local information, while kNN is

exploited for classification. We will present and analyse the results in Chapter 5.
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Chapter 4

Deep Learning for Ear Biometrics

Using deep learning for ear biometrics is very popular at the present. It the recognition
approach essentially depends on the appearance of ears and is functionally similar to
holistic approaches which are also based on the appearance of ears. Deep learning achieves
a high performance for dealing with occlusion. Deep learning was motivated by its
advantageous performance, as has been used for ear recognition in recent years. However,
deployment of deep learning can be limited by a lack of training data. Although deep
learning has an excellent performance for ear recognition, it needs to collect data from a

larger number of images to avoid overfitting.

In this chapter, we will present three different networks, pre-trained models and some
approaches to evaluating visualisations. Figure 4. 1 shows a general flowchart of the deep
learning approaches for ear biometrics. The strategy here is motivated by the
advantageous performance of deep networks and our aim is to demonstrate that this can
be exploited in ear biometrics, particularly with the later agendas here of analysing kinship
and gender with uncontrolled image acquisition. Currently, it is of course a very popular
field of research, and it continues to advance very fast. We have selected some of the more
popular architectures, given their proven performance, though there is a richer selection
available. There are many studies of ear biometrics based on deep convolutional neural

networks, but there are no studies on the contributions of ear regions. Therefore, we will
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calculate the heatmaps to show the contributions of ear regions and the difference between

male and female ears.

VGG

Training Data =1 GoogleNet =P Testing Data -DI Grad-CAM p=¥»| Heatmap

ResNet

Figure 4. 1 Flowchart of deep learning for ear biometrics

4.1. VGG

Oxford’s Visual Geometry Group develop the VGG network [101], which has two
architectures, VGG 16 and VGG 19. The pre-processing is subtracting the mean RGB value,
computed from the training set, from each pixel. The network uses filters with a small 3 X
3 receptive field, and 1 x 1 convolution filters, which is a linear transformation of the
input channels. The convolution stride is fixed to one pixel. The spatial pooling includes
five max-pooling layers, which are performed over 2 X 2 pixel windows. There are three

fully connected layers of the network and the last layer is the softmax layer.

The VGG network utilises convolutional layers with small receptive field (3 x 3), instead
of convolutional layers with larger reception field (11 x 11,7 X 7,5 X 5) used in AlexNet
[102]. Thus, VGG is deeper than AlexNet and the performance is better. However, VGG
has more parameters, so it needs a long time to train a model. Figure 4. 2 shows the

architecture of the VGG network.

224x224x64

112=112=128

SEx56%256
28%28x=512
14x14=512
T=F=512
1x1=4096
1=121000

) convolution

# pooling

[ fully connected
@ softmax
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Figure 4. 2 VGG architecture [98]

4.2. GoogleNet (Inception)

Szegedy et al. [103] propose a deep convolutional neural network known as GoogleNet or
Inception. AlexNet [102] and VGG [101] optimise training performances by using more
layers in their architecture, whereas the main hallmark of GoogleNet is improved
utilisation of computing resources within the network. The GoogleNet network uses
deeper and wider architecture while keeping the computational budget constant, thus, the

GoogleNet network extracts more features with the same computation.

Figure 4. 3 shows the inception module. There are two main contributions of the inception

module.

1. 1x1 convolution is used for reducing dimension, which allows the decrease of
computational load by lessening the layers” number of operations.

2. There are four branches in the inception module, which have different sized
convolutions or pooling, and are aggregated so that the next stage can extract features

from the different scales simultaneously.

Filter
concatenation
3x3 convolutions 5x5 convolutions 1x1 convolutions
1x1 convolutions [} ) 4

Qtions 1x1 convolutions 3x3 max pooling

Previous layer

Figure 4. 3 Inception module with dimensionality reduction [103]

The GoogleNet architecture has 22 layers (or 27 layers including pooling layers) and there
are nine inception modules in the network. Figure 4. 4 depicts the architecture of
GoogleNet, spread over three pages. As shown in Figure 4. 4, there is an additional
component, named the auxiliary classifier, which is used to avoid overfitting. Auxiliary
classifiers are added to the intermediate layers of the architecture, the third and sixth

inception modules.
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Figure 4. 4 GoogleNet architecture with all the bells and whistles [103]
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4.3. Deep Residual Learning for Ear Biometrics

The deep residual learning method addresses the degradation problem by introducing a
deep residual network [104]. This method allows some stacked layers to fit a residual
mapping, instead of hoping these layers directly fit a desired underlying mapping.
Formally, the desired underlying mapping is denoted as # (x), and the stacked nonlinear
layers fit another mapping of F(x):=H (x) —x. The original mapping is recast into
F(x) + x. The formulation of F(x) + x can be realised by feedforward neural networks
with skip connections, which are shown in Figure 4. 5. The building block of ResNet [104]

is defined as:
y=F@{W}H+x

where x,y are the input and output vectors of layers considered, and F(x,{W;}) + x

indicates the residual mapping to be learned.

Because of concerns about the training time, the building block is modified as a “bottleneck’
design [104]. For each residual function (F), a stack of three layers instead of two layers is
used, as shown in Figure 4. 6. The 50-layer ResNet contains three-layer bottleneck blocks
instead of the two-layer blocks in the 34-layer network. The architecture of the ResNet is

shown in Figure 4. 7.

o

v
Weight layer
T(X) lrelu X

identity

Weight layer

:F(X) +x \t‘relu

Figure 4. 5 Residual learning: a building block [104]



Chapter 4 Deep Learning for Ear Biometrics 57

64-d lz_ss-d
3x3, 64 | L]0 |
relu [ 3x3,64 |

y l relu
3)(3, 64 I 1x1, 64 |

relu
relu

Figure 4. 6 A deeper residual function F for ImageNet [104] (left: building block for
ResNet-34; right: ‘bottleneck” building block for ResNet-50/101/152)
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Figure 4. 7 ResNet architecture [98]

4.4. Fine Tuning Networks

Transfer learning is used to improve the performance of the network from one domain by
transferring information from a related domain [105], especially for small datasets such as
our ear datasets. The strategy of transfer learning is to pre-train a model based on a large
labelled dataset. As we have a limited dataset for the training, we use VGG-16, GoogleNet
and ResNet-50, and transfer the learning of the pre-trained models (VGG-16, GoogleNet,
ResNet-50) to the ear datasets. For ear recognition, we replace the last fully connected layer
and the classification layer in the pre-trained models with a set of layers that can classify
137 classes to recognise 137 subjects. For the case of gender classification, we replace those
layers with layers that can classify the male and female classes into two groups. Finally,
for ear symmetry experiments, we replace those layers with layers that can classify 100

classes to recognise 100 subjects.



Chapter 4 Deep Learning for Ear Biometrics 58

4.5. Evaluating Visualisations

Grad-CAM [106] (Gradient-weighted Class Activation Mapping) uses the gradients of any
target concept, say logits for ‘female’ or even a caption. They flow into the final
convolution layer to produce a course localisation map highlighting the important regions
in the image to predict the concept. The class discriminative localisation map Grad-CAM

Léraa—cam € R¥V of width u and height v for any class ¢, 4° (before the softmax),

with respect to feature map A¥ of a convolutional layer is % . The neuron importance

weights aj, are:

c 122 dyc
ap == —

which are obtained by a global average pooling of the gradients derived from
backpropagation. The weight aj represents a partial linearisation of the deep network
downstream from A4, and captures the ‘importance’ of feature map k for a target class c.

Z is the number of pixels in the feature map.

A weighted combination of forward activation maps is performed in [106], and this is

followed by a ReLU to obtain the linear combination, written as:

Loraa-cam = RelU () afa¥)

Figure 4. 8 denotes the structure of Grad-Cam. It is given an image and a class of interest
as input, which passes through the CNN part, and then calculates a raw score for the
category. The gradient of desire class is set to one, and the other classes are set to zero. The
signal is then backpropagated to the rectified convolutional feature maps of interest. They
pointwise multiply the heatmap with guided backpropagation to obtain Guided Grad-

CAM visualisations.
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Figure 4. 8 Grad-Cam overview [106]

4.6. Conclusions

In this chapter, we have presented three different convolutional neural networks, fine
tuning networks, and Grad-CAM. There are many different networks and models in deep
learning. The main difference between networks consists of depth, width and the use of
different layers. Therefore, the structure of the GoogleNet network is deeper and wider,
while the architecture of the ResNet network is much deeper than, but not as wide as, the
VGG network. VGG requires more time for training because it has more parameters. For
GoogleNet, the convolutional layers switch to inception modules and two auxiliary
classifiers are added to prevent overfitting. ResNet has four main stage blocks, and each
stage block stacks upon several building blocks. We will present the fine-tuning networks
for ear recognition, gender classification and ear symmetry, and analysis for the results of

ear biometrics, in Chapter 6.
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Chapter 5

Results and Analysis of the Model-
Based Methodology

Many studies in ear recognition have been conducted, and multiple approaches have been
used for ear recognition, including principal component analysis (PCA), local binary
pattern (LBP) and deep learning, which were described in Chapter 2. In terms of occlusion
by hair, local approaches, which are based on descriptions of local parts, can perform
better than holistic methods. Such structural approaches are less susceptible to occlusion,
and model-based approaches based on local features are less prone to occlusion than those
based on global models. Holistic approaches require a database with images showing all
possible occlusions, which is mitigated by the fact that the occlusion is largely at the rear
and top of the ear. Local approaches based on the lower parts of the ear near the front are

the least susceptible to occlusion by hair.

This study used models for ear recognition, gender classification, kinship verification and
ear symmetry. All the approaches used ear recognition as a basic evaluation. This chapter
presents the results and analyses of model-based approaches for ear biometrics. In
addition, the only identification approach that considered the potency of different ear
parts (Arbab-Zavar et al. [78]) used SIFT, and the model was constructed using a stochastic

clustering method based on the SIFT keypoints of the training set. The recognition
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accuracy was 85.7%. The top ten most significant ear parts for recognition were shown
with the most important being the inferior crus of the antihelix. Accuracies of different
regions were used to analyse the contribution of different parts for the purposes of ear

biometrics.

5.1. Geometric Model-Based Methodology

This section presents the separate geometric model-based results for human identification,
gender classification and kinship verification obtained from ear images. Additionally, the

performance of this model is analysed here.

5.1.1. Results of Ear Recognition

Chapter 3 described the geometric model used in this study. It contains nine points, and
the distances between these points were extracted as geometric features. The ear model is
presented in Figure 3. 2 and Figure 3. 3. Datasets I and II of the USTB datasets [109] were
used to investigate ear recognition capability in the model. Additionally, as the images in
dataset I were not rotated, unlike those in dataset II, an affine transformation was applied
to those images in the second dataset. All results used kNN (k = 1) with a leave-one-out

cross validation, which means one ear image for testing, the others for training.

Table 5. 1 Rank 1 recognition of USTB dataset I

Method Euclidian Manhattan
distance distance
Geometric features 81.7% 82.0%
HOG 91.7% 90.0%
Geometric features + HOG 92.8% 95.6%

Table 5. 2 Rank 1 recognition of USTB dataset II (without affine transformation)

Method Euclidian Manhattan
distance distance
Geometric features 53.5% 54.2%
HOG 62.1% 66.3%
Geometric features + HOG 62.5% 70.2%
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Table 5. 3 Rank 1 recognition of USTB dataset II (with affine transform)

Method Euclidian Manhattan
distance distance
Geometric features 56.1% 59.8%
HOG 59.9% 70.4%
Geometric features + HOG 64.2% 80.0%

Table 5. 1 presents the results for dataset I, which confirm that this study’s model can
match the contemporary performance with constrained datasets. The raw image results
for dataset II are shown in Table 5. 2 and demonstrate that without affine transformation,
recognition is much reduced. Clearly, the affine transformation is beneficial. Table 5. 3
presents the results for dataset II with viewpoint correction via an affine transformation.
In all three tables, the first column is the description method, and the first row is the
measurement distance used. As can be seen in Table 5. 1, the accuracy of HOG is slightly
higher than for the geometric features. When the two feature sets are fused, the accuracy
reaches as high as 95.6%. In Table 5. 2 and Table 5. 3, the accuracy is improved when the
rotated image uses affine transformation. The accuracies of the geometric features are 54.2%
and 59.8%, and the accuracies of HOG are 66.3% and 70.4%. The accuracies of the
geometric features and HOG are 70.2% and 80.0%. Comparing the results in Table 5. 2 and
Table 5. 3, the affine transformation can successfully correct the viewpoints, thus, it can

work for the rotated ear images.

5.1.2. Results of Gender Classification

The results in Table 5. 1, Table 5. 2 and Table 5. 3 confirm that this geometric model is
appropriate for use with ear recognition; therefore, it was applied for gender classification.
We used SOTEAR dataset [21] for gender classification. It contained a total of 67 subjects,
including 37 males and 30 females. The experiments in this section used k = 3 with a leave-
one-out cross validation. Distance was measured using the Euclidian distance, Manhattan
distance and Mahalanobis distance. The results of gender classification from the ear images

are given in Table 5. 4.

Table 5. 4 Results of gender classification

Method Geometric features Geometric features + HOG
Euclidian distance 67.2% 62.9%
Manhattan distance 59.7% 68.7%
Mahalanobis distance 65.7% 58.2%
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As can be seen in Table 5. 4, the correct gender classification of the geometric model is
67.2%, and the correct gender classification of geometric features and HOG is 68.7%. The
accuracy of geometric features and HOG is slightly higher than geometric features alone,
and the accuracy of this study’s geometric model is higher than that of Yaman et al. [9],
who also used geometric features (accuracy: 65%). Additionally, the present study
automatically detected viewpoints, whereas [9] marked the points manually. Furthermore,

the images in this dataset are unconstrained, whereas [9] used a controlled profile dataset.

5.1.3. Results of Kinship Verification

The results were applied to the geometric model for kinship verification from ear images.
Little research has been conducted into kinship verification from facial images, and this is
the first study of kinship verification from ear images. The experiments for kinship
verification were performed on the database by using a kNN classifier with k =1 using a
leave-one-out cross validation, all the children’s ear images for testing, and all the parents’
ear images for training. The distance was measured using both Euclidian distance and
Manhattan distance. The SOTEAR dataset [21] used for the kinship verification was
collected by us and contains 134 images from 21 families (21 parents) and 25 children (16
sons and nine daughters). This is the first ear dataset contains kinship information. Each
subject has a left and right image, and the ear images in the dataset are unconstrained.

Table 5. 5 and Table 5. 6 depict the results of kinship recognition from ear images.

Table 5. 5 Results of kinship recognition (Euclidian distance)

Euclidian distance Father Mother
Son 40.6% 31.3%
Daughter 0% 33.3%

Son and daughter 20.0% 28.2%

Table 5. 6 Results of kinship recognition (Manhattan distance)

Manhattan distance Father Mother
Son 31.3% 25.0%
Daughter 0% 33.3%

Son and daughter 28.0% 28.0%
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As observed in Table 5. 5 and Table 5. 6, the kinship classification accuracy between father
and son is 40.6%, while the accuracy between mother and daughter is 33.3%. However, the
correct kinship verification between father and daughter is zero. The results of the kinship
verification reveal that a son is more similar to his father, whereas a daughter is more
similar to her mother; therefore, kinship verification may be influenced by gender. In Table
5. 5 and Table 5. 6, the classification accuracies are determined using only geometric

features.

Although the accuracy result for kinship verification is not very high, it is much better than
the random rate of 4.7%. There are 21 families, so the random rate is 1/21 (4.7%). Thus,
performing kinship verification from ear images is feasible. It is anticipated that this model
for kinship recognition will be improved in the future. As more family ear data is required

for analysis, the expansion of the dataset is ongoing.

5.1.4. Analysis of the Model

Figure 5. 1 shows the cumulative match characteristic (CMC) curve of the results. The
horizontal axis indicates that the correct identity was among the top n (number of rank)
results. The basic capability of the technique is shown by the result from the USTB dataset
I (d1), which reaches 95.6% for the basic model-based approach. The inclusion of an affine
transformation improves capability, but the recognition reduces to 80.0% (d2). Where an
affine transformation is not included, the recognition drops to 70.2%, which indicates the
successful operation of the affine transformation. At the present, all the ear recognition
and gender classification results achieve 100% by rank 2, although at rank 1, identity and
gender start at 80.0% and 68.7%, respectively. However, the father-son and mother-
daughter kinship results start at 40.6% and 33.3%, respectively, and achieve 100% by rank

20. Clearly, these results are well above random performance and warrant further study.
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Figure 5. 1 CMC curve of results

Note: FS = father-son and MD = mother-daughter

Figure 5. 2 illustrates the recognition capability and the inter-/intra-class variations for ear
recognition and gender classification. The red bars show the distance between the same
subject and client, while the green bars indicate the distance between different subjects and
impostors. Figure 5. 2(a) shows the recognition capability of USTB dataset I; here, the
presence of a small red bar, a large green bar and a small confusion region indicate that
the base model for database 1 has a high recognition capability. Figure 5. 2(b) demonstrates
the recognition capability of USTB dataset II with affine transformation. In this case, the
confusion region is not large, which indicates the suitability of the base model for database
II. However, in Figure 5. 2(c), the recognition capability of database II without affine
transformation results in a larger difference between the confusion region than in Figure
5. 2(b). The disparity between the rotation database with and without affine
transformation is clear. As affine transformation can compensate for rotation, the model
performs better for the affine-transformed ear images. Figure 5. 2(d) shows the recognition
capability for gender classification; the combined red and green bars indicate a poor

recognition capability for this classification.
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5.2. Model Improvement

As the results of gender classification accuracy based on the geometric model were not
high, image pre-processing was considered to remove noise and hair from the ear images.
A force field transform was applied for pre-processing, and HOG was used for feature

extraction for gender classification from ear images.

First, the improved ear recognition model was used to evaluate the performance of the
geometric model. A kNN classifier (k = 1) with a leave-one-out cross-validation strategy
was used for ear identification. The Euclidian and Manhattan distances were used in a
kNN classifier to evaluate the model. Pre-processing for images was applied, and the
model was evaluated using USTB dataset I. The results for correct recognition are

presented in Table 5. 7.

Table 5. 7 Ear recognition accuracies with image pre-processing

Method Accuracy
Euclidian distance 94.5%
Manhattan distance 95.1%

Table 5. 7 shows that the model-based method achieves an accuracy of 95.1% for ear
recognition, which confirms its good performance and its suitability for ear identification

purposes.
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However, as can be seen in Table 5. 4, the results were not very high; therefore, image pre-
processing was applied before using HOG to extract the features for this dataset, and
additional data was collected for inclusion in the dataset. These approaches were used for
gender classification using the present study’s own dataset of ear images; this contained
78 subjects (38 females and 40 males) with Euclidian, Manhattan and Mahalanobis
distances for a kNN classifier with a value of k = 1 in a leave-one-out cross-validation

strategy. Table 5. 8 presents the accuracies of the gender classification.

Table 5. 8 Gender classification accuracies for the model-based method with pre-

processing
Method Accuracy
Euclidian distance 72.9%
Manhattan distance 80.0%
Mahalanobis distance 82.9%

As Table 5. 8 demonstrates, this study’s model-based technique achieved a gender
classification accuracy of 82.9%, which is superior to the results given in Table 5. 4. The
model has better performance with the force field transformed ear images. The following

section analyses the different ear regions that contribute to gender classification.

5.3. Ear Symmetry

This subsection uses the model-based technique, which is based on ear structure, for
matching a pair of ears. One of the SC face datasets for ear symmetry was used, which
included 100 subjects, each subject contains three left side and three right side ear images;
300 left ear images for training and 300 right ear images for testing. As both ears were used,
the right ear images were mirrored. Then, the kNN classifier was used with Euclidian and

Manhattan distances for ear classification.

The quality of surveillance images is not good, thus, we add noise for ear images to evaluate
the performance of the method. Zero mean Gaussian noise was added to the ear images to
create noisy ear images with SNR (Signal-to-noise ratio) 22 dB (Figure 5. 3 shows the

samples of noisy images).
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Figure 5. 3 Samples of noisy images

Table 5. 9 Ear symmetry accuracies for the model-based method (original images)

Distance Accuracy

Manhattan distance

58.9%

Euclidian distance

60.7%

Table 5. 10 Ear symmetry accuracies for the model-based method (images with noise)

Distance Accuracy
Manhattan distance 21.3%
Euclidian distance 23.1%

Table 5. 11 Ear symmetry accuracies for the model-based method (images (with no noise)
after affine transformation)

Distance Accuracy
Manhattan distance 66.9%
Euclidian distance 65.0%

Table 5. 9, Table 5. 10 and Table 5. 11 present the results of this study’s model-based
technique and include the accuracies for the original images, noisy images and original
images after affine transformation, respectively. The affine-transformed ear images
demonstrated the highest accuracy of 66.9%. The original images produced a recognition
rate of 60.7%, while the accuracy of the images with Gaussian noise was 23.1%,
representing a reduction of 37.6%. As Figure 5. 3 shown, the outer ears’ contours and

structures of noisy images are not clear as the original ear images, thus, the model cannot
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extract the ear features, such as triangular fossa, very clearly. Therefore, the model has

poor robustness to noise.

5.4. Analysis of Different Regions for Ear
Biometrics

The last sub-section confirmed the model’s good performance for ear identification and
gender classification. This sub-section investigates the contributions from different parts

of the ears.

The ear images were divided into four regions (2 X 2) and 16 regions (4 X 4), as shown
in Figure 5. 4. The sub-regions are referred to as ry(eg.rq,r,---), and their order is given
in Figure 5. 5. We divide the ear images to four and 16 regions as shown in Figure 5. 4, and

then calculate the HOG of each sub-regions separately.

Divided (2 x 2) regions Divided (4 x 4) regions

Figure 5. 4 An example of a divided ear image
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rl r2 |13 rd
rl r2 5 |6 |17 |8
r9 rl0 | rll | ri2
3 r4 r13 | 114 | r15 | r16

Figure 5. 5 The order of regions (left side: four regions, right side: 16 regions)

Each part of the ear was used separately for gender classification. Table 5. 12 shows the
accuracies for four (2 x 2) parts of the ears, and Table 5. 13 presents the accuracies for 16

(4 X 4) ear parts.

Table 5. 12 and Table 5. 13 contain the accuracies of gender classification for each individual
region, and the accuracies of the (2 X 2) sub-regions and (4 X 4) sub-regions are shown
separately. r, in Table 5. 12 and Table 5. 13 corresponds to r,, in Figure 5. 5.

Table 5. 12 Gender classification accuracies of different ear regions (four parts) using the
model-based method

Ear region k=1 k=3 k=5 k=7 k=9
rl 62.0% 70.4% 73.2% 70.4% 67.6%
r2 53.5% 57.7% 60.5% 60.5% 57.7%
r3 47.8% 43.6% 33.8% 36.6% 35.2%
r4 52.1% 63.3% 60.5% 61.9% 60.5%

Table 5. 13 Gender classification accuracies of different ear regions (16 parts) using the
model-based method

Ear region k=1 k=3 k=5 k=7 k=9
rl 634% | 60.6% | 521% | 49.3% 50.7%
r2 53.5% | 59.2% | 59.2% | 66.2% 69.0%
r3 352% | 40.8% | 394% | 43.7% 42.3%
r4 71.8% | 69.0% | 64.8% | 66.2% 66.2%
5 61.9% | 57.7% | 535% | 52.1% 53.5%
r6 423% | 408% | 493% | 52.1% 47.9%
r7 50.7% | 60.6% | 56.3% | 53.5% 49.3%
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r8 50.7% 50.7% 50.7% 47.9% 47.9%
9 42.3% 47.9% 56.3% 50.7% 49.3%
rl0 57.7% 52.1% 49.3% 43.7% 42.3%
rll 67.6% 57.7% 59.2% 64.8% 62.0%
rl12 52.1% 59.2% 60.6% 60.6% 63.4%
rl3 43.7% 46.5% 45.1% 42.3% 38.0%
rl4 50.7% 52.1% 50.7% 42.3% 45.1%
rl5 49.3% 47.9% 49.3% 53.5% 59.2%
rlé 52.1% 53.5% 52.1% 52.1% 56.3%

As shown in Table 5. 12 the rl region (in a four-region setting) has the highest accuracy of
73.2%, which indicates it is the most important region for gender classification. The second-
most important regions for gender classification are r2 and r4, while 13 is the least important
part in this method. The accuracy for r3 is even lower than that of a random classifier. Table
5. 13 shows the classification accuracies for 16 ear regions. The highest accuracy of 71.8% is

associated with region r4, while the r2 region has the second highest accuracy with 69.0%.

The results presented in Table 5. 12 and Table 5. 13 indicate that the upper helix is more
important than the lower parts of the ears (such as the lower helix and the lobe) for gender
classification purposes. Regions r4 and r2 in the 16-region-division setting are separate to
r2 and r1 in the four-region-division setting. This indicates that the upper regions of the

ears are more important than the lower parts.

After identifying the significant regions of the ear for gender classification (Table 5. 12 and
Table 5. 13), the potential for confusion of the important ear parts in terms of gender

classification was considered.

The ear images for ear recognition were divided into four and 16 sub-regions (as in Figure
5. 4), and each sub-region was used for ear identification. The results of each sub-region
were compared for ear recognition. Table 5. 14 and Table 5. 15 show the accuracies of ear
identification for each individual region. In Table 5. 14, the accuracy of r1 (in a four-region
setting) reached 69.2%, whereas in Table 5. 15, 2 (in a 16-region setting) predicted correct
recognition with 56.6% accuracy. The triangular fossa and the inferior crus of the antihelix

are the most significant parts for ear recognition.
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Table 5. 14 Ear recognition accuracies of different ear regions (four parts) using the
model-based method

Ear region Euclidian distance Manhattan distance
rl 67.0% 69.2%
r2 53.8% 62.6%
13 51.6% 51.6%
r4 37.9% 42.3%

Table 5. 15 Ear recognition accuracies of different ear regions (16 parts) using the model-

based method
Ear region Euclidian distance | Manhattan distance
rl 46.2% 46.2%
r2 51.6% 56.6%
3 50.0% 53.8%
r4 29.1% 30.8%
r5 40.1% 40.7%
6 48.9% 52.2%
r7 42.3% 51.6%
r8 32.4% 43.4%
9 37.4% 41.7%
r10 41.2% 46.7%
r11 43.4% 47.3%
r12 35.2% 39.0%
r13 30.7% 40.1%
r14 33.6% 37.9%
r15 34.6% 37.9%
rl6 24.7% 28.1%

The results presented in Table 5. 12, Table 5. 13, Table 5. 14 and Table 5. 15 were compared.
When the ear images were divided into four sub-regions, the significant parts of the ears
for gender classification and ear recognition were the same (r1). Therefore, the results of the
16 regions were compared. As the tables reveal, the most significant part for gender
classification is the r4 region, whereas the most important part for ear recognition is the r2
region. Subdividing the ears into further sub-regions identifies distinct and significant parts

for gender classification and ear recognition purposes. For gender classification, the outer
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region of the ears (r4) is more important than the other ear features, whereas the triangular

fossa (r2) is the most significant part in terms of ear recognition.

In addition, we consider evaluating this model for ear symmetry. We also divided the
images of ear symmetry experiment to four and 16 sub-regions (as in Figure 5. 4).Table 5.

16 and Table 5. 17 show the accuracies of ear symmetry for each individual region.

Table 5. 16 Ear symmetry accuracies of different ear regions (four parts) using the model-

based method
Ear region Euclidian distance Manhattan distance
rl 22.5.% 20.7.%
r2 13.4% 14.4%
r3 8.4% 7.3%
r4 24.9% 25.7%

Table 5. 17 Ear symmetry accuracies of different ear regions (16 parts) using the model-

based method
Ear region Euclidian distance | Manhattan distance
rl 15.7% 14.1%
r2 13.9% 12.3%
3 10.7% 12.3%
r4 9.7% 8.6%
5 13.1% 13.4%
6 14.1% 14.1%
r7 12.3% 11.3%
8 7.6% 7.6%
9 14.7% 13.4%
r10 11.8% 11.8%
r11 20.7% 23.1%
r12 8.6% 8.1%
rl3 16.8% 17.8%
r14 11.5% 14.1%
r15 9.2% 8.9%
rl6 7.1% 6.3%

In Table 5. 16, the accuracy of r4 (in a four-region setting) reached 25.7%, whereas in Table

5. 17, r11 (in a 16-region setting) predicted correct recognition with 23.1% accuracy. As
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Figure 5. 4 and Figure 5. 5 shown, the r11 in 16 regions is a part of r4 in four regions, the
anti-tragus is the most significant part for ear symmetry. However, the significant part of
ear recognition is r1 in four regions, which is the triangular fossa; whereas, the accuracy for
ear symmetry of rl (triangular fossa region) is 22.5%, which is also important for ear

symmetry.

5.5. Conclusions

This chapter presented the results of the model-based approaches for ear recognition,
gender classification, kinship verification and ear symmetry. The geometric model has
good performance for ear recognition but performs less well for gender classification.
Although its accuracy is less than that of appearance-based results, it performs well among
the model-based techniques, and it can handle affine transformations. The affine transform
was used successfully for viewpoint correction. However, this study’s gender
classification system could benefit from the inclusion of additional features. Therefore, the
model was improved using image pre-processing, which performs well in terms of gender
classification. Then, the geometric model was applied for kinship verification. It is noted
that in the kinship verification results, the ears of the mother appear to be more influential.
The accuracy of the kinship verification indicates its suitability for ear biometrics. It is
anticipated that more features will be added to improve the accuracy of the classification
and provide a deeper understanding of how these results are related to basic ear structures.

Additionally, a large family dataset is required for kinship verification.

Finally, this chapter presented a model-based technique for ear recognition with bilateral
symmetry that produced an accuracy of 66.9%. This analysis shows that there is an implied
similarity between the left and right ears, although the accuracy is not high enough.
Therefore, the next chapter considers the use of deep learning for ear biometrics along with

the contributions of different ear regions.
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Chapter 6

Results and Analysis of the Deep
Learning Approaches for Ear

Biometrics

The development of the convolutional neural network (CNN) is receiving increasing
attention. The increasingly good performance of convolutional neural networks (CNNs)
suggests it is propitious to investigate their recognition performance further, here for
specificity and for gender and symmetry. Recently, deep learning has been used for ear
biometrics due to its strong performance, although it can be limited by a lack of training
data. Transfer learning is an approach that requires a small amount of data. Therefore, we
applied transfer learning to VGG-16 [101], GoogleNet [103] and ResNet-50 [104] networks
to analyse human identification, gender classification and bilateral symmetry in ear
images. Furthermore, there is no research on why the network can make a classification
decision for ear biometrics. Selvaraju et al. [106] proposed a technique to visually explain
the CNN-based models, which is called gradient-weighted class activation mapping
(Grad-CAM). In this chapter, in addition to presenting the results of ear recognition,
gender classification and ear symmetry based on deep learning approaches, we will apply

Grad-CAM to our fine-tuned networks to analyse ear biometrics.
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6.1. Ear Recognition

In this sub-section, we will deploy transfer learning of VGG-16, GoogleNet and ResNet-50
for ear recognition and the Equal Error Rate (EER) to evaluate models. Furthermore, we
will consider the contributions of different regions in ears and use Grad-CAM to estimate

the significance of each part.

6.1.1. Results and Analysis of Ear Recognition

USTB Database 1 [109] (180 images and 60 subjects with three images for each subject) and
Database 2 [109] (308 images and 77 subjects with four images for each subject) are used
for ear recognition. There are 351 images for training and 137 images for testing. We
randomly selected one test ear image from each subject (137 test images from 137 subjects)
and split the remaining images into training and validation datasets as follows: 70% data
for training and 30% data for validation. We fine-tuned VGG-16, GoogleNet and ResNet-

50 networks for ear recognition. Table 6. 1 shows the results.

Table 6. 1 Ear recognition Accuracies Based on Transfer Learning

Method Accuracy

VGG-16 81.5%
GoogleNet 82.5%
ResNet-50 92.9%

As Table 6. 1 shows, the accuracies of ear recognition based on VGG-16 and GoogleNet
networks are 81.5% and 82.5%, respectively, whereas the rate of correct ear recognition
based on ResNet-50 is 92.9%. These mean that the fine-tuned ResNet-50 model has the best
capacity for ear recognition. In previous studies [53][59][60], the highest accuracy was
100%. [60] used 250 training images for ten subjects. There is a small amount of data in this
dataset, and it contains just ten subjects. However, when our model is trained on the
rotated ear image datasets, we train 348 images for 137 subjects. Additionally, the datasets
used here include rotated ear images, and the ear images are under weak illuminations.

Our model appears to be immune to rotation and illumination.

We considered why these models can recognise humans, and which parts are important
for identification by the models. Therefore, we employed Grad-CAM to analyse the parts

of the ear that are significant for recognition. Figure 6. 1, Figure 6. 2 and Figure 6. 3 show
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the heatmaps for ear recognition. The red parts in the heatmaps are the most important

parts, whereas the blue parts are less important.

Figure 6. 1 Average heatmap for ear identification based on VGG-16

As Figure 6. 1 shows, the triangular fossa region of the ear is more significant for ear

recognition based on VGG-16, whereas the antitragus is less important.

Figure 6. 2 Average heatmap for ear identification based on GoogleNet

Figure 6. 2 depicts the average heatmaps for ear identification computed by the GoogleNet
network. The central parts of the ear are more significant for ear identification, and the

helix is less important for ear recognition.
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Figure 6. 3 Average heatmap for ear identification based on ResNet-50

As Figure 6. 3 shows, the central parts of the ear are more important, and the periotic
regions are less important for ear recognition based on ResNet-50. When comparing the
heatmaps based on these networks, the different regions of the ear show the different
contributions. The divergence of the ear regions” contributions based on VGG-16 is slight,
and the difference between the different regions based on GoogleNet is significant.
Moreover, the contributions of the ear regions have a more significant difference based on
ResNet-50. Therefore, the accuracy of GoogleNet is higher than that of VGG-16, and
ResNet-50"s accuracy is the highest. Furthermore, we considered which parts are more
important for ear recognition out of the three networks. Figure 6. 4 shows the average
heatmap of three different networks and highlights that the central parts are the most

important for ear recognition out of the three networks.

Figure 6. 4 Average heatmap for ear identification of the three networks
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Comparing with the model technique (shown in Table 5. 14 and Table 5. 15), the
important parts of model-based is triangular fossa, which is in the green/ yellow
part of Figure 6. 4, thus, the important parts of model technique and deep learning

are similar for ear recognition.

6.1.2. Ear Recognition Verification

We conducted verification experiments to evaluate the performance of our model. For the
verification experiments, we randomly selected two ear images from each subject. We used
the training model to represent each image using a vector and then calculated the cosine

similarities as a distance metric between the two images.

If the stored ear image of subject A is represented by A; and another ear image for
verification is represented by A4,, then the null hypothesis (H,) and alternate hypothesis

(H;) are defined as follows:
Null hypothesis Hy: A; and A, come from different subjects.
Alternate hypothesis Hy: A; and A, come from the same subject.

If the value of cosine similarity is higher, then the system is more certain that H, is correct.
The system decides based on the following threshold: if the cosine similarity value is
higher than or equal to the threshold, then H; is correct. Otherwise, the cosine similarity

value is lower than the threshold, and therefore, H, is confirmed.

The false reject rate (FRR) is defined as rejecting the null hypothesis H, when it is true,
and the false accept rate (FAR) is defined as failing to reject H, when it is false. The EER
is the value defined as FRR=FAR. EER is an indicator of the performance of the model: the

lower the value for EER, the higher the performance of the model.

Figure 6. 5, Figure 6. 6 and Figure 6. 7 show the recognition verification of ear images based
on VGG-16, GoogleNet and ResNet-50. The values of the EER for ear recognition

verification are presented in Table 6. 2.
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Figure 6. 5 Ear recognition verification of ear images (VGG-16)
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Figure 6. 6 Ear recognition verification of ear images (GoogleNet)
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Figure 6. 7 Ear recognition verification of ear images (ResNet-50)
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Table 6. 2 tabulates the EER for different networks. The EER for VGG-16, GoogleNet and
ResNet-50 are 8.77%, 8.22% and 7.24%, respectively. The values of EER prove that the
model based on the ResNet-50 network has the highest performance of these three

networks.

Table 6. 2 Equal Error Rate of Different Networks (Ear Recognition)

Method EER

VGG-16 8.77%
GoogleNet 8.22%
ResNet-50 7.24%

6.2. Gender Classification

As these fine-tuned networks perform well for ear recognition, we applied transfer
learning to these three networks to conduct gender classification using the ear images. In
addition, we used Grad-CAM to analyse the models. In this sub-section, we will present
the results of gender classification from the ear images based on the three models and the

analysis of these models.

6.2.1. Results and Analysis of Gender Classification

We used the USTB dataset III [109], SOTEAR dataset [21] and AWE dataset [110]. We
selected several images from each dataset to create a merged dataset of ears, which would
ensure a more balanced dataset between males and females. As a result, in our newly
merged dataset, there are 90 female subjects and 100 male subjects. There are 800 images
for training and validation (split as 70% data for training and 30% data for validation) and
110 images for testing. Additionally, we removed the background from each ear image to
help us to focus on the ear and exclude the effects of the hair, head and neck regions. Table

6. 3 shows the results of gender classification from the ear images.

Table 6. 3 Gender Classification Accuracies for Deep Learning

Method Accuracy

VGG-16 80.9%
GoogleNet 81.8%
ResNet-50 90.9%

As tabulated in Table 6. 3, the accuracies of fine-tuned VGG-16 and GoogleNet for gender
classification are 80.9% and 81.8%, and ResNet-50 has the highest accuracy of the network
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based on transfer learning at 90.9%. As this accuracy is sufficiently high, it is possible to
use this model to classify subjects into females and males. Although Yamen et al. [10]
stated that the highest accuracy of gender classification is >99%, their experiments used
controlled ear images, whereas our experiments for gender classification use datasets with
unconstrained ear images. As ResNet-50 has a better performance than VGG-16 and
GoogleNet, it is unclear why ResNet-50 has a higher accuracy than VGG-16 and GoogleNet.
We used Grad-CAM to compute the heatmaps based on these three models shown in
Figure 6. 8, Figure 6. 9 and Figure 6. 10 to determine which parts of the ears contribute to

gender classification from ear images.

Female Male

Figure 6. 8 Average heatmaps for different genders (VGG-16)

Figure 6. 8 shows the average heatmaps for different genders produced by the VGG-16
network. The middle parts, such as the tragus and antitragus, are more important for males,
whereas the lower parts, especially the lobe, are more important for females. Compared to
Figure 6. 1, the heatmaps of different genders differ to the heatmaps of ear recognition, as
although the upper regions are more important for ear recognition, the lower regions are

more significant for females and the middle parts are more important for males.
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1
0

Figure 6. 9 depicts the average heatmaps for different genders, as computed by the

Female Male

Figure 6. 9 Average heatmaps for different genders (GoogleNet)

GoogleNet network. The right-middle parts are more important for females, such as the
middle helix, and the upper-middle parts are more significant for males, such as the upper
helix and triangular fossa. Comparing Figure 6. 9 and Figure 6. 2 highlights that the
heatmap of ear recognition based on GoogleNet shows that the central parts are very
important, whereas the heatmap of females shows that the middle helixes are more

significant, and the heatmap of males shows that the upper helixes are more significant.

Female Male

Figure 6. 10 Average heatmaps for different genders (ResNet-50)

Figure 6. 10 shows the average heatmaps for males and females, including a general

outline of an ear to illustrate the important parts of the ear for gender classification. As
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depicted in Figure 6. 10, there is a clear difference between the genders; for males, the
upper helix, triangular fossa, tragus and antitragus are more important than the other parts
of the ear, whereas for females, the lobe plays a more significant role in ear recognition.
However, Figure 6. 3 shows the heatmap of ear recognition based on ResNet-50, which

shows that the central parts are more important for ear recognition.

Heatmaps show the different contributions of different parts. However, the average
heatmaps of females and males based on VGG-16 (Figure 6. 8) and GoogleNet (Figure 6. 9)
have overlapped regions, and the heatmaps of different genders based on ResNet-50
(Figure 6. 10) are more separated. Therefore, ResNet-50 performs better than VGG-16 and
GoogleNet.

We considered which parts are different for females and males over the three networks.

Figure 6. 11 shows the average heatmaps of three different networks.
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Female Male

Figure 6. 11 Average gender heatmaps of three networks

As Figure 6. 11 shows, the lobe is the most significant difference between females and
males based on the three different networks. This may be because women are more likely
to wear earrings, which makes the ear lobe more important for female recognition.
Moreover, females are more likely than males to have long hair, which increases the chance
that the top of the ear is occluded, and therefore, not used in their recognition. Conversely,
males are more likely to have short hair, and their recognition is based on the parts that
are more easily observed, including the antitragus and antihelix. Some of the conclusions
drawn for the heatmaps depicted in Figure 6. 8 differ from those obtained in our model-

based technique (see Table 5. 12 and Table 5. 13). For example, the upper helix is important
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for gender classification, which is shown not only in our model-based technique but also
by the difference between the heatmaps in Figure 6. 11. However, although the lobe did
not play an important role in the model-based technique for gender classification, it is

important for the convolutional network to classify genders.

It is interesting to compare identification with gender recognition. Figure 6. 4 and Figure
6. 11 show the average heatmap for ear identification and gender classification over three
networks. The heatmaps for identification and gender classification are different, and
some regions, such as the helix, strike a balance between a strong positive response for
males and a strong negative response for females. As the heatmaps of different genders
demonstrate, the helix and lobe are important for gender classification, whereas the central

parts are more important for ear recognition.

6.2.2. Gender Classification Verification

Verification experiments of gender classification have been used to evaluate the

performance of our models for gender classification.

If the stored ear image of a female subject A isrepresented by A;, then the null hypothesis

(Hy) and alternate hypothesis (H;) are defined as follows:
Null hypothesis Hy: A; is male.
Alternate hypothesis Hy: A; is female.

If the value of predicted probability of the image having the label is higher, then the system
is more certain that H, is correct. The system decides based on the following threshold
(T) : if the probability is higher than or equal to the threshold (T), then H; is correct.
Otherwise, the probability is lower than the threshold (T), and therefore, H, is confirmed.

The FRR is defined as rejecting the null hypothesis Hy when it is true, and the FAR is
defined as failing to reject Hy, when it is false. The EER is the value defined as FRR=FAR.
EER is an indicator of the performance of the model: the lower the value for EER, the

higher the performance of the model.

Figure 6. 12, Figure 6. 13 and Figure 6. 14 show the gender classification verification of ear
images. The values of the EER for gender classification verification are presented in Table

6.4.
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Figure 6. 12 Gender classification verification of ear images (VGG-16)
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Figure 6. 13 Gender classification verification of ear images (GoogleNet)
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Figure 6. 14 Gender classification verification of ear images (ResNet-50)
Table 6. 4 tabulates the EER for different networks. The EER for VGG-16, GoogleNet and
ResNet-50 is 21.59%, 28.68% and 13.62%, respectively. The values of the EER prove that

the model based on the ResNet-50 network has the highest performance out of the three

networks.

Table 6. 4 Equal Error Rate of Different Networks (Gender Classification)

Method EER

VGG-16 21.59%
GoogleNet 28.68%
ResNet-50 13.62%

6.3. Ear Bilateral Symmetry

We will present the ear symmetry based on the model-based technique that was used in
last chapter, where the highest accuracy was 66.9%. We will use the three fine-tuned
networks (VGG-16, GoogleNet, and ResNet-50) for ear symmetry, and the Grad-CAM will

be applied to explain which parts of the ear are more important for ear symmetry.

6.3.1. Results and Analysis of Ear Bilateral Symmetry

In the experiment described in this subsection, we transferred the pre-trained VGG-16,
GoogleNet and ResNet-50 to the SC face datasets [17]. There are 100 subjects with 300 left
ear images and 300 right ear images, and all the left ear images use for training and all the
right ear images for testing. As both ears were used, we mirrored the right ear images for

testing.
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Table 6. 5 Two-Side Ear Recognition Accuracies of Three Networks

Method Accuracy

VGG-16 66.9%
GoogleNet 62.1%
ResNet-50 91.2%

As observed in Table 6. 5, the accuracies of the VGG-16, GoogleNet, and ResNet-50 based
on transfer learning are 66.9%, 62.1%, 91.2%, respectively. The performance of the ResNet-
50 network is better than the other two networks. In our experiments, we noticed that the
hair occlusion influences the correct prediction. Therefore, the hair occlusion presents a

challenge for verifying ear symmetry.

However, as this dataset has rotated ear images, we considered applying affine
transformation for this dataset. Additionally, we added noise to the ear images to evaluate
the model. Zero mean Gaussian noise was also added to the ear images to result in noisy

ear images with SNR 22 dB.

Table 6. 6 Two-Side Ear Recognition Accuracies for Deep Learning with Pre-processing
Ear Images (VGG-16)

Images Accuracy
Images with noise 60.7%
Affine transformed images 73.6%

Table 6. 6 depicts the accuracies of two-side ear recognitions for different types of data
based on the VGG-16 network. Compared to the original images, the accuracy of the affine
transformed images is 73.6%, which is an increase of 6.7%, whereas the accuracy of the

noise image decreased by 6.2%.

Table 6. 7 Two-Side Ear Recognition Accuracies for Deep Learning with Pre-processing

Ear Images (GoogleNet)
Images Accuracy
Images with noise 60.4%
Affine transformed images 63.8%

As Table 6. 7 shows, the accuracy of the affine transformed images for two-side ear
recognition based on the GoogleNet network is 63.8%, which is an increase of 2.6%, and

the accuracy of the noise images is 60.4%, which is a decrease of 1.7%.
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Table 6. 8 Two-Side Ear Recognition Accuracies for Deep Learning with Pre-processing

Ear Images (ResNet-50)
Images Accuracy
Images with noise 62.9%
Affine transformed images 93.1%

As observed in Table 6. 8, the accuracy of ResNet-50 based on transfer learning is 93.1%.
The recognition rate of training original ear images is 91.2%, and the accuracy of training
the ear images with Gaussian noise is 62.9%, which decreases by 28.3%. This shows that
the presence of noise lowers the recognition rate, and the affine transformed ear images

are responsible for the highest accuracy.

Comparing these three networks, the model of transfer learning based on GoogleNet is
most robust for noisy ear images, which only decreases by 1.7%. The affine transformation

is more effective for the transfer learning model based on the VGG-16 network.

It is interesting to compare deep learning approaches with model-based techniques. As
presented in Table 5. 10, Table 5. 11 and Table 6. 8 the deep learning approach (fine-tuned
ResNet-50) demonstrates the best performance. The results of training the original images
indicate that deep learning is superior to the model-based method. Furthermore, these two
methods also use ear images after affine transformation in the training images. As a result,
the accuracy of deep learning increases by 1.9%, while that of the model-based method
increases by 8%. As demonstrated in these experiments, affine transformation for the
model-based method is more beneficial than deep learning. Furthermore, we have
contaminated the ear images with zero mean Gaussian noise for training. Additive
Gaussian noise causes the accuracies to decline, as the deep learning accuracy is lowered
by 28.3%, and the model-based method decreases by 37.6%. Our results indicate that deep

learning demonstrates a better performance than using a model in a noisy environment.

In addition, ResNet-50 has the best performance out of these three networks. Therefore,
we applied ResNet-50 based on transfer learning to an in-the-wild ear image dataset (AWE
dataset). We used 520 left ear images for training and 480 right ear images for testing, and
the ear images have a severe rotation in the pitch and yaw axes. Additionally, the ear
images in the dataset have severe occlusions. The recognition accuracy for the ear images
without pre-processing is 20.2%. Although the accuracy is not high, it is still 19.2% higher
than random chance. Compared to the SC face dataset, the accuracy has a sharp decrease
of 70.3%; therefore, our results indicate that applying the system to the in-the-wild ear

images presents a considerable challenge.
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Figure 6. 15 Average heatmap for the recognition of a single ear from either side based
on VGG-16 (top: original images; bottom left: affine transformed images; bottom right:
images with added Gaussian noise)

We determined which region of the ear contributes the most to symmetry-based
recognition rates using Grad-CAM to compute the heatmaps. We mirrored the right ears
to the left ones and matched the right ears to the left ones. Figure 6. 15, Figure 6. 16 and
Figure 6. 17 demonstrate how different parts of the ear contribute to ear symmetry based

on fine-tuned VGG network, GoogleNet and ResNet.

As Figure 6. 15 shows, the upper regions of the ear images are more significant for ear
symmetry based on VGG-16, and the heatmap of the ear images with the applied affine
transformation differs to the other two heatmaps based on the VGG-16 network. Figure 6.
1 shows similar important parts (upper regions of ears) to Figure 6. 15 which means that
although the heatmap of ear recognition is similar to ear symmetry, the heatmaps of

different genders (Figure 6. 8) are different to Figure 6. 1 and Figure 6. 15.
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Figure 6. 16 Average heatmap for the recognition of a single ear from either side based
on GoogleNet (top: original images; bottom left: affine transformed images; bottom right:

images with added Gaussian noise)

As Figure 6. 16 shows, the middle regions of the original ear images are more important
for ear symmetry based on GoogleNet, and the left-middle parts of the ear images are more
significant in the heatmap of the ear images with applied affine transformation based on
the GoogleNet network. The heatmap of ear recognition is similar to ear symmetry because
Figure 6. 2 shows similar important parts (middle regions of ears) to Figure 6. 16. However,

the heatmaps of different genders (Figure 6. 9) are different to Figure 6. 2 and Figure 6. 16.
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Figure 6. 17 Average heatmap for the recognition of a single ear from either side based
on ResNet-50 (top: original images; bottom left: affine transformed images; bottom right:
images with added Gaussian noise)

As Figure 6. 17 depicts, the central part of the ear is important for the recognition of single
ears from either side, as well as for noisy images and affine transformed images. As Figure
6. 3 shows, the central parts are also important for ear recognition based on ResNet-50.
However, the heatmaps of different genders (Figure 6. 10) based on ResNet-50 show the
different contributions of ear parts and show that the lobe and right-middle parts play

significant roles for gender classification.

As Table 6. 5 presents, the ResNet-50 network demonstrates the best performance.
Comparing Figure 6. 15, Figure 6. 16 and Figure 6. 17 suggests that the heatmaps of
ResNet-50 shows that the contributions of different parts of ears are very different, which

is why ResNet-50 has the highest accuracy.

In addition, we calculated which part is more important for the three different networks
using the original ear images. Figure 6. 18 shows the average heatmap of the original ear

images over three different networks.
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Figure 6. 18 Average heatmap for the recognition of a single ear from either side over
three networks

As observed in Figure 6. 18, the heatmap shows that in the average heatmap generated by
the three networks (VGG-16, GoogleNet and ResNet-50), the central regions are the most
important parts for ear symmetry. We compared the recognition of a single ear from either
side with one-sided ear recognition (Figure 6. 4) and found that they have similar
heatmaps. Meanwhile, the important parts of model-based technique for ear symmetry are

similar to the important parts of ear recognition based on model technique.

The heatmaps have shown the contributions of different regions of the ear. Therefore, we
make an ellipse mask, mapping the central parts (red and yellow of heatmap) of the testing
data in black while keeping the helixes (blue parts of heatmap), or we make only the central
parts of the testing data visible and black out the rest of the image. Figure 6. 19 shows ear
images with the mask mapping. Table 6. 9 presents the accuracy percentages of different

parts of the ear.

Table 6. 9 Accuracies of different parts of ears (ear symmetry)

Images Accuracy
Central parts 41.6%
Helixes parts 12.3%

As observed in Table 6. 9, the accuracy of the central parts of ear images is 41.6%, and the
accuracy of the helixes parts is 12.3%. Thus, the performance of the red and yellow parts
of heatmaps are much better than the blue. This has demonstrated that heatmaps are

convinced.
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Figure 6. 19 Samples of mask mapped testing ear images

6.3.2. Combine Two-Side Ears to Test the Ear Symmetry

We considered whether the model can test the ear symmetry directly using an image
combining a subject’s left and right ear, as shown in Figure 6. 20. Then, we used Grad-
CAM to calculate the heatmaps of combining ear images to explore which parts of ear are

symmetry.

(a) Same subject (b) Different subjects
Figure 6. 20 Composite images of two sides

There are 300 combined two-side ear images from the same subjects (100 subjects) and 300
combined ear images from different subjects (100 different subjects are selected randomly).
150 ear images were from the same subject (50 subjects), 150 ear images were from different
subjects for training and the others were for testing. We divided the testing set into five
sub-sets, and each sub-set had 30 ear images from same subject and 30 ear images from
different subjects. Because the ResNet-50 has the best performance for two-side ear
recognition, we transferred the ResNet-50 learnings to this experiment. Table 6. 10 shows

the results of the ear symmetry.
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Table 6. 10 Ear Symmetry Accuracies for Deep Learning

Images Accuracy
Original images 100%
Noisy images 100%
Affine transformed images 100%

Table 6. 10 shows the ear symmetry accuracies. The classification accuracies for the original
images, affine transformed images and noisy images are 100%. As observed in Table 6. 10,
the model can classify all the ear images into the correct groups and is not affected by noise.
These accuracies, along with the recognition rates reported in Table 6. 5 and Table 6. 8,
indicate that human ears are bilaterally symmetric. Figure 6. 21 shows the average

heatmap of an ear image in this experiment.

Figure 6. 21 Average heatmap for ear symmetry

As shown in Figure 6. 21, the middle parts are important for ear symmetry. If we compare
the heatmap shown in Figure 6. 11 with the heatmaps of gender classification, although
the lobe is significant for gender classification, it is not significant for ear symmetry.
Therefore, the sections of the ear that dominate the gender analysis contribute less to ear
symmetry. Comparing it with Figure 6. 17 shows which parts of the ear are not symmetric.
As the heatmaps show, the helixes and lobes are not significant for ear symmetry, and the

triangular fossa is the most important for ear symmetry.
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Figure 6. 22 Heatmap affected by earrings

In the next experiment, we consider the effect of wearing earrings on heatmaps. Earrings
are usually worn on the helix, and the positions of the earrings differ among helices. Figure
6. 22 shows a heatmap of ear images derived from subjects wearing earrings. As shown in
this figure, the red regions are concentrated on the central section, which suggests that the

ear symmetry is less affected by earrings.

6.3.3. Ear Symmetry Verification

As deep learning is highly accurate for ear symmetry recognition, we conducted
verification experiments to evaluate the performance of our model. For these experiments,
we randomly selected one left and one right ear image from each subject. We used the
training model to represent each image with a vector and calculated the cosine similarities

of each image.

If the stored left ear biometric template of a subject A is represented by L, and the right
ear for verification is represented by R,, the null hypothesis (hy) and alternate

hypothesis (h;) are defined as follows:
Null hypothesis hy: The right ear R, and left ear L, come from different subjects.
Alternate hypothesis h;: The right ear R, and left ear L, come from the same subject.

If the cosine similarity score is higher, the system is more certain that h; will be confirmed.

The system’s decision is regulated by the following threshold T: if the score is higher than
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or equal to the threshold T, h; is confirmed. Otherwise, the score is lower than T, and

the system infers that hg is correct.

There are two incorrect conclusions. A type I error (FRR) is defined as rejecting the null
hypothesis h, whenitis true. A type Il error (FAR) is defined as failing to reject h, when
it is false. The EER is the value defined as FRR=FAR. EER is an indicator of the
performance of the model: the lower the value for EER, the higher the performance of the

model.

Figure 6. 23, Figure 6. 24 and Figure 6. 25present FRR and FAR regarding the threshold T

for the original ear images of the three networks.
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Figure 6. 23 Ear symmetry verification of the original ear images (VGG-16)
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Figure 6. 24 Ear symmetry verification of the original ear images (GoogleNet)
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Figure 6. 25 Ear symmetry verification of the original ear images (ResNet-50)

Table 6. 11 Equal Error Rate of Two-Side Ear Recognition for Deep Learning

Method EER

VGG-16 10.07%
GoogleNet 12.04%
ResNet-50 3.57%

Table 6. 11 tabulates the EER for the different network experiments. The EER for the
original ear images based on VGG-16, GoogleNet and ResNet-50 is 10.07%, 12.04% and
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3.57%, respectively. These results prove that the fine-tuned ResNet-50 network has the best

performance out of the three networks.

In addition, we calculated the EER for different types of ear images using the fine-tuned
ResNet-50 network. Figure 6. 26 indicates the ear verification of ear images with Gaussian
noise, Figure 6. 27 indicates the ear verification of ear images via affine transformation,
Figure 6. 25 shows that the model has a high level of performance and is sensitive for
original ear images and Figure 6. 26 and Figure 6. 27 show that the model is affected by

noise and affine transformation.
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Figure 6. 26 Ear symmetry verification of ear images with Gaussian noise
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Figure 6. 27 Ear symmetry verification for affine transformed ears

Table 6. 12 represents the EER of different images. The EER images with affine
transformation and images with Gaussian noise are 3.24% and 10.27%, respectively, and

the model has a high level of performance.

Table 6. 12 Equal Error Rate of Pre-Processing Images Based on ResNet-50 (ear

symmetry)
Images EER
Noisy images 10.27%
Affine transformed images 3.24%

Figure 6. 28, Figure 6. 29 and Figure 6. 30 present the inter and intra class variations for
fine-tuned ResNet-50 experiments of three different types of ear images. In these three
figures, the green bars represent the distance histogram between the same subjects-client,
and red bars show the distance between the different subjects-impostor. Figure 6. 28 shows
the inter and intra class variations for the experiment where the original ear images
without any pre-processing are used. In this figure, the green bar is small, the red bar is
large and the confusion region (the overlap region between the green and red histograms)
is the smallest. A small confusion region indicates a high recognition rate when the original
ear images are used. Figure 6. 29 shows the inter and intra class variations for the affine

transformed ear images, and the overlap region between the two histograms is smaller
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than in Figure 6. 28. This smaller overlap region indicates that the recognition rate for the

affine transformed ear images is expected to be higher than the original ear images.

Furthermore, Figure 6. 30 shows the inter and intra class variations for the ear images
contaminated with the zero mean Gaussian noise. As observed in Figure 6. 30, the overlap
region between the two histograms is larger than that in Figure 6. 28. Moreover, there is a
disparity between the original images and affine transformed images or noisy images. The
model has the best performance for the affine transformed ear images, as affine

transformation can overcome rotation.
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Figure 6. 28 Inter and intra class variations (original images)
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Figure 6. 29 Inter and intra class variations (affine transformed images)
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Figure 6. 30 Inter and intra class variations (noisy images)

6.4. Conclusion

In this chapter, we applied transfer learning to VGG-16, GoogleNet and ResNet-50
networks for human identification, gender classification and bilateral symmetry from ear
images. The fine-tuned networks of ResNet-50 had the best performance out of these three
networks. The performances for ear recognition, gender classification and ear recognition

with bilateral symmetry were 92.9%, 90.9% and 93.1%, respectively. The deep learning
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approaches had better performances than the model-based technique, and the deep
learning approaches were more robust for the noisy images. Additionally, we used deep
learning for the paired ear recognition. Our results confirmed symmetry with a

performance of 100%.

Additionally, we considered which parts of the ear contribute the most to ear recognition,
gender classification and ear bilateral symmetry. The heatmaps presented in this chapter
indicate that the central region is significant for ear recognition and ear bilateral symmetry.
Furthermore, we compared the heatmap associated with ear recognition with that of
gender classification. The lobe and upper helix are important for gender classification.
However, the lobe does not play an important role in ear recognition and ear bilateral
symmetry. Moreover, our analysis related to ear bilateral symmetry demonstrates that the

recognition rate is insignificantly affected by jewellery.

Our experiments of ear symmetry were based on a controlled dataset. Although we used
the in-the-wild dataset (AWE dataset), the accuracy was not good. Therefore, as the in-the-
wild ear dataset presents a challenge for ear symmetry, we will consider using pre-
processing approaches for in-the-wild data in future works to improve the accuracy of ear

symmetry.
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Chapter 7

Conclusions and Future Works

7.1. Conclusions

The ear as a biometric is no longer in the initial phase. There has been significant progress,
not only in ear recognition but also in the soft traits that have been extracted from ear
images. This thesis capitalises model-based and deep learning techniques for ear
biometrics, including ear recognition, gender classification, kinship verification from ear

images and ear bilateral symmetry.

The model used for human identification, gender classification and kinship verification
from ear images is the first model-based approach for gender classification and kinship
verification from ear images. The model is based on geometric features, which calculate
the distance using the key points and apices of ear. The affine transformation was used
successfully for viewpoint correction. Our model-based method produced promising
results, with an identification accuracy of 95.6% for the non-rotated images. The affine

transformation operates on the rotated images and increases performance.

In addition, our model-based algorithm was used for gender classification to produce a
67.2% classification accuracy. Although the accuracy was not as high as appearance-based
results, it demonstrated a high performance among model-based techniques, as well as
that it can handle affine transformations. Therefore, we could benefit from adding more

features to our system for gender classification. Additionally, we can use HOG features to
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improve gender classification and kinship verification accuracies. We are the first to use
ears for kinship verification, and the ear images of the SOTEAR dataset are unconstrained.
There was a 40.6% accuracy for father and son, 33.3% accuracy for mother and daughter,
0% for father and daughter and 31.3% for mother and son. The kinship verification results
show that the mothers’ ears are more influential. The accuracy of kinship verification
indicates that ear biometrics can contribute to kinship verification. We enhanced the
performance of our model-based technique for gender classification by adding a pre-
processing step for the model, applying the force field transform for pre-processing and
using HOG for feature extraction. This model-based technique achieved a gender
classification accuracy of 82.9%. Additionally, when we applied this model to ear

symmetry, the accuracy achieved 66.9%.

Furthermore, the deep learning approaches were used for ear recognition, gender
classification and ear symmetry, and the performances for ear recognition, gender
classification, and ear recognition with bilateral symmetry were 92.9%, 90.9% and 93.1%,
respectively. Our thesis used in-the-wild ear images for gender classification and ear
symmetry. For gender classification, as the in-the-wild ear dataset (AWE dataset) was not
balanced for gender classification, we merged it with the other datasets (USTB III and
SOTEAR) to strike a balance between female and male, and the performance of gender
classification was good. However, the accuracy for ear symmetry of in-the-wild data was
not high. Additionally, we used deep learning for paired ear recognition to test the ear
symmetry. We compared the three networks that we applied to transfer learning and used
several pre-processing approaches to evaluate the performances of the networks. Deep
learning approaches are more robust than the model-based technique of noisy ear images
for ear bilateral symmetry. We are the first to use deep learning for ear recognition with

bilateral symmetry, and our results confirm symmetry with a high performance.

We also considered which parts of the ear contribute the most to ear recognition, gender
classification and ear bilateral symmetry. Although there is some research on ear
recognition, gender classification and ear symmetry, there is no research on why the
models or the deep learning approaches have these classifications. In the model-based
approach, the highest accuracies of the divided ear images come from the upper parts of
the ear, which means that these parts are more important for gender classification. For the
deep learning approaches, we calculated the heatmaps of different networks and the
average heatmaps over the three networks for ear recognition, gender classification and

ear symmetry. The heatmaps, which are presented in Chapter 7, indicate that the central
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region is significant for ear recognition and ear bilateral symmetry, and the lobe and upper
helix are important for gender classification. However, the lobe does not play an important

role in ear recognition and ear bilateral symmetry.

In this thesis, through a set of experiments, we demonstrate that there is an implied
similarity between the left and right ears. Therefore, ear recognition can be achieved
regardless of which ear is used for analysis. This notion is important because human
anatomy dictates that only one ear can be seen in a single image, as ears cannot be seen or
analysed in images from a full-frontal view, such as passport style images, which rarely
occur in surveillance. Therefore, our study indicates that the constraints on ear image
acquisition are reduced. As such, this thesis establishes benchmarks for ear recognition by
using ear bilateral symmetry and provides pointers for future applications and
developments for ear symmetry, particularly as it is prudent for recognition to focus on

the ear perimeter.

7.2. Future Works

Ear biometrics are improving, as some research discusses pose variation, rotation variation,
illumination variation and occlusion. In addition, extracting soft traits from ear images is
in the early stages of development. Although gender classification is being discussed by
an increasing number of researchers, the performances of kinship verification and age
classification need improvement. Other soft traits, such as ethnic background and
genealogy, have not been developed. Additionally, gait biometrics have been used to find
criminals, and the ear-prints can used as be evidence to accuse them. Moreover, ear
features have been used to identify human remains. The Interpol DVI Form provides the
following two options for ear features: ear lobes/pierced and distinctive features. The
distinctive features include the different outer appearance of ears, such as Darwin's

tubercle (a thickening on the helix at the junction of the upper and middle thirds [118].

The main problem is the need for larger family datasets of ear images, wherein a more
accurate estimate of the performance of kinship verification can be obtained and potential
associations between a family’s ears can be analysed. Additionally, we intend to find more
features to improve classification accuracy and provide a deeper understanding of how
these results are related to basic ear structures. The observation that the helix differs
between female and male ears suggests that including the helix in our model-based system

could conceivably improve the gender, and therefore, the kinship classification accuracy.
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We aim to combine the model-based approach with deep learning to improve the ear
recognition performance. The effect of ear occlusion by hair is another topic for future
work. Another interesting topic for future work is to use deep learning attention networks
for ear biometrics to avoid non-ear regions of ear images in ear recognition. Another issue
for future work is to avoid using transfer learning during the training of the deep learning
networks to produce heat maps with no effects of transfer learning, where non-ear regions
are the least significant in heat maps. In such a scenario, the interpretation of heat maps
will be clearer and more straightforward in the analysis of the deep learning methods for
ear recognition, gender classification and ear symmetry. However, in such cases, a dataset

with around 10,000 ear images for training would be required.

In addition, the in-the-wild ear images pose a challenge for ear biometrics, as although
there is some research on ear recognition for in-the-wild ear images, the accuracies are not
high. Our thesis used in-the-wild ear images for gender classification and ear symmetry,
but the accuracy of ear symmetry was not high. We considered using different approaches

to pre-process the ear images and remove the noise.

Although the ear occlusion by hair had been discussed for many years, and some studies
has proposed some approaches to solve this problem. However, the accuracies of ear
recognition for occlusion problem are not high, if the ear biometrics are deployed in the

world, this problem must be solved.

Finally, as this approach is widely used to automatically authenticate individuals,
fingerprint and face recognition has been applied to protect mobile phone security.
Amazon’s exposure of a patent shows that phones can use the camera to scan the user’s
ear. This enables mobile phones to automatically identify a user’s ear. Based on this idea,
the patent will enable users to answer a call without unlocking their phone, and the phone
can automatically adjust the volume as the distance between the phone and ear changes

[16].
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