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UNIVERSITY OF SOUTHAMPTON

ABSTRACT

FACULTY OF ENGINEERING AND PHYSICAL SCIENCES
Electronics and Computer Science

Doctor of Philosophy

FACIAL PROFILE RECOGNITION USING COMPARATIVE SOFT BIOMETRICS

by Malak Zayed Alamri

The identification of suspects in surveillance footage is crucial for maintaining public safety, pre-
venting crime, conserving police resources, and aiding forensic investigations. Although eyewit-
ness testimonies are valuable assets in numerous criminal cases, it is presently rather challenging
to identify individuals in real-world closed-circuit television (CCTV) footage solely based on
eyewitness descriptions. As a result, there has been a significant rise in the interest of using soft
biometrics, which are physical and behavioural attributes that are used to semantically describe
people under adverse surveillance conditions. Traditional biometrics are used when images or
videos are available. Nevertheless, in certain instances, only eyewitness testimonies are available.
In such scenarios, soft biometrics are applied to transform the eyewitness testimony into a col-
lection of features that can be utilised for automated recognition. Furthermore, when images,
videos and eyewitness testimonies are available, the fusion of soft biometrics with traditional
biometrics becomes essential.

The objective of this thesis is to investigate the integration of soft biometrics with traditional
biometrics, enabling the search of video footage and biometric data based on descriptive inform-
ation to identify suspects. The existing literature on facial soft biometrics mainly focuses on the
frontal face, However this approach fails to acknowledge the importance of facial profiles, which
have been demonstrated to be highly accurate. It is crucial to consider facial profiles because
there are situations in which only these profiles are captured in images and videos from surveil-
lance and security cameras. In such instances, existing facial recognition algorithms designed
for frontal views are ineffective, emphasising the necessity for recognition systems specifically
tailored for profile faces.

This thesis builds upon previous research on using soft biometrics for human recognition, with
a specific emphasis on the potential of soft biometrics in identifying facial profiles. Soft bio-
metrics involves crowdsourcing human annotations through ordered and similarity comparisons.
Advanced machine learning techniques are also used to estimate comparative attributes from im-
ages. In addition, we analyse the attribute’s correspondence between the traditional biometric
and soft biometric based on facial profiles. Therefore, we have bridged the gap between human
perception and computer vision for facial profile biometric. In comparison to prior work on
facial profiles, the developed approaches have demonstrated a higher level of performance. Our
findings indicate that the performance of the system further improves after fusing the semantic
and visual spaces. Furthermore, this thesis examines the bilateral symmetry of human facial pro-
files and develops a method for extracting features from facial profiles, inspired by the few-shot
learning framework. Our algorithm, which is based on few-shot learning, achieves an impressive
level of accuracy even when working with datasets containing a large number of subjects and
low number of samples per subject.
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Chapter 1

Context and Contributions

1.1 Context

The most popular authentication methods in various security systems involve verification
based on individual tokens or recognition based on biometrics. However, the reliability
of tokens, such as identity cards or passwords, is decreasing due to duplication and the
limited capacity of human memory. As a result, the use of biometrics, including facial
recognition and fingerprints, is gaining popularity worldwide. According to a survey
conducted by (Abdelwhab et al. 2018) in 2018, unlike tokens used in other methods,
biometrics are unique to each individual, cannot be easily transferred, and are readily
available. Additionally, they cannot be borrowed, forgotten, shared, stolen, or observed.
Facial recognition technology is rapidly expanding within the security sector due to its
efficiency. Biometric systems are also becoming popular because of their various applic-
ations. For instance, numerous organisations and agencies, such as border control, law
enforcement, and the telecommunications and healthcare industries use facial recognition
to enhance security and control measures. The complexity of closed-circuit television
(CCTV) systems has increased to include data recordings from different angles, includ-
ing side views of people. As a result, the growing difficulty of identifying individuals
under different surveillance conditions has significantly spurred interest in facial profile
biometric systems.

Many government institutions and private organisations face various challenges regard-
ing system security and individual identification, leading to a reliance on traditional
biometrics for facial verification (Abdelwhab et al. 2018). However, in real-time situ-
ations, traditional facial recognition systems often struggle to identify individuals due
to challenging data characteristics, including low resolution images and images taken
from different angles. In these cases, it is crucial to consider facial profile recognition
algorithms and design facial profile recognition systems specifically for recognition and
identification purposes. It is worth noting that the existing literature on biometrics

1



Chapter 1 Context and Contributions 2

Figure 1.1: Closed-circuit television (CCTV) surveillance footage released in connec-
tion with a stabbing at Block 1 nightclub, Warrington, in 2019 (Everett 17-4-2019).

primarily focuses on the front-facing aspect of the face, while facial profiles have re-
ceived less attention, despite their importance. The increase in global security threats
has led to the widespread use of technology in the biometric field. There is a pressing
need for more advanced biometric technologies, especially in facial recognition. For ex-
ample, the images extracted from CCTV footage of a crime scene, as shown in Figure 1.1,
highlight the importance of a system that effectively recognises faces in low quality sur-
veillance images and in different poses. In certain images, such as the one depicted in
Figure 1.2, the facial profile may be the only identifiable biometric modality, making it
the preferred choice for identification purposes.

The objective of this thesis encompasses three main aspects: 1) The proposal of a facial
profile soft biometric system based on descriptions obtained from eyewitness testimon-
ies. 2) The development of a novel facial profile biometric system through automated
analysis of facial profile images using traditional machine learning techniques. 3) The
integration of traditional biometric and soft biometric systems to create a more robust
facial profile biometric system with enhanced performance. Recognition algorithms util-
ised in such systems face significant challenges due to their increased object dynamism.
Factors such as poor lighting, blurring and poor illumination conditions, or variations
in poses can notably diminish the effectiveness and accuracy of recognition algorithms
(Rajesh et al. 2016). Despite efforts, achieving heightened accuracy, certainty, and effect-
iveness remains a persistent challenge for most algorithms. This study aims to evaluate
the efficacy of facial profile soft biometrics in enhancing reliability and efficiency. The
innovative approaches examined herein are expected to improve the accuracy and reli-
ability of traditional biometrics by considering the dynamic features that characterise
individuals.
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Figure 1.2: Closed-circuit television (CCTV) surveillance footage released in connec-
tion with an incident in Southampton city centre in 2024 (Ramos 23/02/2024).

1.2 Contributions

The primary contribution of this research is the establishment of a soft biometric system
that focuses on facial profiles. We highlight the following contributions:

1. Development of a novel facial profile recognition systems: Facial profile
recognition lags behind frontal face recognition in terms of advancement. Con-
sequently, facial recognition algorithms often struggle when faced with changes in
pose (Klare, Klum et al. 2014), as these algorithms are typically only designed for
frontal face recognition. The main contribution of this work is the development of
a recognition and identification system for facial profiles, utilising machine learn-
ing techniques. It is worth noting that existing facial profile biometric systems
often rely on small datasets with a limited number of subjects. In this thesis, we
have devised both traditional machine learning and deep learning-based methods
for facial profile recognition, using a large dataset that includes numerous subjects
(Chapters 5 and 6).

2. Introducing a new set of facial attributes for semantic profiling: Typically,
facial profiles provide less information for identification compared to frontal views.
Expanding on previous studies on relative and fine-grained attributes, we present
a fresh set of facial profile attributes, including facial profile length, philtrum size,
and ear-to-chin distance, which facilitate object retrieval. This research uses a
subset of the XM2VTSDB database that meets the research criteria, consisting of
920 images appropriate for identifying distinct individuals (Chapter 3).

3. Identifying the features required for recognition: This thesis presents a
scheme for evaluating the importance, consistency, and distinctiveness of soft bio-
metrics in comparative facial profiles. It also investigates the role of attributes in
the processes of recognition and identification (Chapter 4).

4. Introducing majority voting for soft biometrics: To improve recognition
accuracy, this thesis introduces the novel technique of majority vote threshold.
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The majority vote is an average of responses from all of the labellers. The detailed
impact of this threshold is extensively explored (Chapter 4).

5. Automatic retrieval of comparative facial profile soft biometrics: This
aspect of the study explores the automatic estimation of comparative facial profile
soft biometrics from images and aims to bridge the gap between humans and com-
puters in understanding comparative facial profile attributes. The objective is to
establish a connection between comparative facial attributes and the correspond-
ing facial segments in facial profile images. Biometric signatures can be extracted
from facial profile images using the comparative label estimation method (Nawaf
Yousef Almudhahka et al. 2017a). The study also investigates the relationship
between soft and traditional biometrics for facial profile components in the image
(Chapter 5).

6. Fusion of soft and traditional biometrics: This study aims to evaluate the ef-
fect of combining soft biometric and traditional biometric methods on recognition
accuracy. We argue that incorporating soft biometrics with traditional biomet-
rics is essential for addressing limitations in security and control systems when it
comes to identifying individuals based on their facial profiles. We employ various
methodologies to implement fusion (Chapter 5, 6).

7. Few-shot learning for traditional facial profile recognition: This thesis in-
troduces a method within the few-shot learning framework to extract facial profile
features. Leveraging domain adaptation and reverse validation, we propose a tech-
nique called reverse learning (RL) to explore bilateral symmetry in facial profiles
(Chapter 6).

1.3 Publications

The following papers have been the outcomes of this research so far:

P1. M. Alamri and S. Mahmoodi, ”Facial Profile Recognition Using Comparative Facial
Soft Biometrics,” in International Conference of the Biometrics Special Interest
Group (BIOSIG), Darmstadt, Germany, 2020, pp.1-4.

P2. M. Alamri and S. Mahmoodi, ”Face Profile Biometric Enhanced by Eyewitness
Testimonies,” in 26th International Conference on Pattern Recognition (ICPR),
Montréal, Canada, 2022, pp.1127-1133.

P3. M. Alamri and S. Mahmoodi, ”Face Profile Biometric Systems: An Overview,”
in Face Recognition across the Imaging Spectrum, Second Edition, T. Bour-
lai, Ed. Netherlands: Springer, 2024, https://www.barnesandnoble.com/w/
face-recognition-across-the-imaging-spectrum-thirimachos-bourlai/1123059650.

https://www.barnesandnoble.com/w/face-recognition-across-the-imaging-spectrum-thirimachos-bourlai/1123059650
https://www.barnesandnoble.com/w/face-recognition-across-the-imaging-spectrum-thirimachos-bourlai/1123059650
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P4. M. Alamri and S. Mahmoodi, ”Facial Profile Biometrics Based on Domain Adapt-
ation and Reverse Learning.” [Submitted to IEEE T-BIOM ].

1.4 Soft Biometric Processes and Definitions

Biometrics applications, such as fingerprint recognition, face recognition, and ear recog-
nition can utilise both invasive or non-invasive methods. Invasive methods require the
subject’s cooperation and a sensor that collects data, while non-invasive methods do not
require cooperation (Singh et al. 2013). A biometric system assesses the physical or be-
havioural traits of an individual. However, traditional biometrics, which rely on human
cooperation with systems, may not always be feasible in security breach investigations.
As a result, those using biometrics face numerous challenges when identifying individuals,
including those authorised for remote system access, those attempting to gain physical
access or egress from specific locations, or those involved in criminal activities. To
address these challenges, soft biometrics can provide additional insights for improved
recognition by using descriptions similar to eyewitness statements from crime scenes.
However, many recognition systems struggle to identify individuals in real-world condi-
tions, which are characterised by challenging data features, such as viewpoint variance
and low resolution (Masi et al. 2016). Jain defines soft biometric traits as ’characterist-
ics that provide some information about the individual, but lack the distinctiveness and
permanence to sufficiently differentiate any two individuals’ (Jain et al. 2004). Nixon et
al. define soft biometrics as ’the estimation or use of personal characteristics describable
by humans for use as an aid or to effect person recognition’ (Nixon, Correia et al. 2015).

The limitations of traditional biometrics when combining eyewitness testimonies with
evidence obtained from images, as well as when creating completely reliable recogni-
tion systems, highlight the importance of strengthening security by incorporating soft
biometrics. These approaches could include an additional layer designed to reduce the
weaknesses and limitations of the current systems. Soft biometrics encompass dynamic
individual characteristics, such as age, height, skin colour, ethnicity, and facial dimen-
sions, which provide valuable supplementary information and improve the precision and
dependability of traditional biometrics (Abdelwhab et al. 2018). A comprehensive de-
scription of an individual can instil certainty regarding their identity when multiple
factors are combined to characterise the individual at a given moment. Therefore,
soft biometrics have emerged as critical tools that should complement other biomet-
rics rather than operate independently to improve recognition accuracy. A recent study
(Abdelwhab et al. 2018) has reported that such tools enhance the accuracy and speed
of primary biometrics, eliminate the need for individuals’ cooperation with sensors, im-
prove effectiveness in scenarios where collecting primary biometric traits is challenging,
facilitate offline system training, and alleviate security concerns by collecting and provid-
ing ancillary descriptions. By functioning as supplementary tools for primary biometrics
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rather than standalone systems, soft biometrics bring substantial enhancements to these
systems, as they enrich individual descriptions, thereby enhancing accuracy, reliability,
and efficiency. The growing integration of soft biometrics into security systems con-
sequently enhances the recognition of authorised individuals and individuals suspected
of posing a significant threat to businesses or the public.

The growing need to improve security and control measures highlights the importance
of implementing soft biometrics. These systems can convert standard human descrip-
tions into characteristics that are easier for machines to handle. Soft biometrics usually
involves first defining a set of traits and assigning a label to each one. These traits can
then be evaluated in either a categorical or comparative context, with the labels indicat-
ing the presence of a particular trait in one subject compared to another. For instance,
one individual may have darker skin than another. The efficient utilisation of biometrics
requires the identification of multiple traits that can be seen from different angles. How-
ever, many of these facial traits can be observed in face images and facial movements,
indicating that using a minimal number of features can improve the performance of the
recognition system. Therefore, the gathering of facial traits is an important step in
accurately recognising or identifying a subject based on specific information.

To compute a soft biometric identification, collaboration between humans and machines
is essential to derive visual descriptions of an individual’s facial profile image using a
set of semantic attributes. This process typically involves two steps: 1) soft biometric
annotation, where human annotators provide neutral descriptions of the subject’s facial
profile image, and 2) automatic soft biometric recognition, where machine learning al-
gorithms are employed to effectively estimate ground-truth labels from the facial profile
images. Figure 1.3 illustrates the integration of semantics, computer vision, and soft
biometrics in this research. Some of the soft biometric terms used in this thesis include:

Soft biometrics: Visual descriptions of individuals consist of semantic character-
istics.

Soft biometric traits: Specific human characteristics, such as age, described
using a semantic property, such as ’younger’.

Soft biometric annotation: Human annotators provide objective visual descrip-
tions of subjects’ images and generate semantic labels.

Soft biometric recognition: Automatic recognition based on semantic attribute
labels using subjects’ images with target ground-truth descriptions.

Soft biometric retrieval: Uses target ground-truth and estimated labels to
automatically identify subjects based on their soft biometric characteristics.
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Figure 1.3: An overview of how subject descriptions, from images to soft biometric
labels, can be transmitted between humans and machines. Each individual sphere
corresponds to one of the following four subject areas: computer vision, soft biometrics,
human perception, and facial profile images. The overlaps between spheres indicate the
points where multiple topic areas converge. The vertical axis depicts the mapping from
low-dimensional labels to high-dimensional images, while the horizontal axis reflects

the interaction between humans and machines.

Semantic descriptions: Words or phrases that directly convey interpretable
meaning to annotators when describing visually discernible physical traits of a
subject (Samangooei et al. 2008).

1.5 Thesis Overview

This thesis is organised as follows:

Chapter 2 [Publication P3]: This chapter introduces soft biometrics and discusses
their advantages over traditional biometrics, as well as their overall benefits. It also
covers different types of soft biometrics and their formats, such as categorical and com-
parative. Additionally, it includes a literature review to identify the significant findings
and gaps in previous research. Furthermore, it provides a summary of datasets suitable
for facial profile identification and recognition.

Chapter 3 [Publication P1]. This chapter explores comparative attributes and their
use in recognition through soft biometrics. It introduces a new set of soft biometric
attributes and explains how researchers can use crowdsourced comparative facial pro-
file labels to create virtual ratings using a rating system. Additionally, it presents the
XM2VTSDB dataset and explains how this research uses it to identify individual facial
profiles through comparative soft biometrics. Furthermore, the chapter provides a com-
prehensive analysis of potential ranking methods for comparative soft biometrics. It also
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includes a summary of existing algorithms, highlighting their potential problems based
on previous studies that have evaluated these algorithms.

Chapter 4 [Publication P1]. The chapter highlights the importance of introducing
a new technique for the majority vote threshold and its impact on the accuracy rate. It
also reviews the contributions of different soft biometric attributes and their ability to
discriminate. Additionally, the chapter highlights potential areas for improvement in the
recognition process based on the observed results. Finally, it summarises the findings
and discusses their potential implications.

Chapter 5 [Publication P2]. This chapter examines the automatic retrieval of bio-
metric signatures from facial profile images. It investigates the estimation of relative
attributes, which form the foundation for generating biometric signatures. Moreover, the
chapter presents a technique for generating automatic biometric signatures using mul-
tiple linear regression (MLR). Furthermore, it suggests a method for enhancing facial
profile recognition biometric systems by integrating comparative soft biometrics with
traditional biometrics.

Chapter 6 [Publication P4]. This chapter explores the concept of bilateral symmetry
in human facial profiles. It introduces a new biometric approach within the few-shot
learning framework to extract facial profile data. The method, known as reverse learning
(RL), employs domain adaptation and reverse validation to analyse bilateral symmetry.

Chapter 7. This chapter presents the conclusions derived from the study and discusses
the potential implications of its findings for comparative soft biometrics. Furthermore,
it offers recommendations for avenues for future research.



Chapter 2

Facial Profiling as a Biometric
and Identity Science

2.1 Introduction

As evidenced by the increasing body of literature on the topic, researchers have begun
to understand the potential value of using facial profiles in human recognition. This
chapter presents a literature review of the existing research on facial profile biometrics,
with the goal of establishing the foundations for evaluating how the use of facial profile
images could contribute to facial recognition. Generally, descriptions of the human face
are inconsistent and elusive, particularly when given in eyewitness descriptions. To
enable automatic identification based on these descriptions, it is necessary to examine
the correspondence between computer vision and human perception in order to obtain
objective and consistent interpretations and then combine them. However, there is a
semantic gap between human perception and the computer vision in the process of image
understanding (Smeulders et al. 2000; Hare et al. 2006). Thus, this chapter also explores
previous work undertaken by other researchers on facial soft biometrics in recognition
and verification.

Section 2.2 investigates facial profiling in the literature. Section 2.3 analyses datasets
that are suitable for facial profiling identification and recognition. Section 2.4 discusses
the significance of facial profiling in the classification and recognition of individuals’
identity, and Section 2.5 establishes the foundation of this work by focusing on soft
biometrics. It documents the shift from using traditional characteristics to relying on
visually perceived descriptions for identification purposes. Finally, Section 2.6 provides
an overview of the study findings.

9
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2.2 The History of Facial Profiling

Figure 2.1 shows a brief history of the development of facial profiling methods in the
literature. The first attempt to use facial profiles as a biometric entity can be traced
back to Sir Francis Galton in the 1889s, who standardised profile traces with typical
lengths and angles for identification and description (Galton 1889). Over the course of
the ensuing years, a number of tests and adjustments were conducted with the aim of
enhancing the precision of facial profile biometrics. The attempts Kaufman et al. (1976),
Leon Harmon and Hunt (1977) and Leon Harmon, Kuo et al. (1978) made in the 1970s
to improve the efficiency of an earlier version of their work stand out as particularly
noteworthy. These researchers further developed the precursor to automatic biometric
face profile recognition by calculating the distances and angles between facial landmark
points. The purpose of including these components was primarily to make the procedure
more inclusive of facial profile aspects, which would ultimately result in an improvement
in the accuracy of the technology. The geometrics of the facial features were extracted
in order to compose feature vectors that were 10 dimensions long. This feature vector
was constructed with the positioning of nine characteristic points on the profile, serving
as the basis to compute these feature vectors. Following that line of investigation, the
number of facial landmark points was increased to 11. Adding more landmark points
then resulted in the generation of a 17-dimensional feature vector for each profile (LD
Harmon et al. 1981). According to the findings of Harmon study, correct recognition
was achieved in 96% of cases.

In recent years, much research has been carried out to study the method of identifying
facial profiles utilising landmark points. This technique makes use of numerous facial
landmarks as points of reference, including the chin, nose, forehead, nose bridge and
mouth. Features are determined by measuring the distances that separate landmark
points, the angles that connect those points and the areas of specific triangles that are
formed by the points. The next important step forward was taken in the 1990s, when
Aibara, Ohue and Oshita (1993), Aibara, Ohue and Matsuoka (1991) and Somaie et al.
(1995) presented their work on the application of P-Fourier descriptors (PFDs) to low-
frequency range signals. Expanding upon this work, Somaie et al. (1994a) and Somaie et
al. (1994b) constructed a system using eigenvectors and a novel linear dynamic model to
conclude that feature analysis of many facial photos might yield a collection of essential
basic elements.

In a previous study (Wu et al. 1990), facial profile outlines were extracted automatically.
Furthermore, B-splines were employed in that work to extract six interest points, that
is, the nostril, nose peak, forehead, chin, eye and mouth points. A 24-dimensional
feature vector was then computed by calculating the intervals between two adjacent
points along with the angle between the curved sections linking two neighbouring points.
Feature vectors in the probe were then compared with feature vectors in the gallery
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Figure 2.1: Major milestones in the history of facial profile biometrics.

based on a successive search technique. In (Wu et al. 1990), the gallery and probe
contained three samples each. In the first attempt, 17 out of 18 face profile subjects
were correctly identified. The unsuccessful image feature vector within the training sets
was then integrated in the gallery to ensure successful retraining. In the second attempt,
the datasets were expanded so that all of the individuals were correctly recognised.

Lipoščak et al. (1999) suggested a scale-space filtering method based on facial landmarks
which resulted in an identification rate of 90% when it was evaluated using data from a
variety of different subjects (30 in total). Furthermore, Gao et al. (2002) developed the
concept of employing string matching as a technique for the purposes of facial profile
recognition. For this technique, the facial profile is converted into a series of line segments
at the beginning of the process. After that, the characteristics of each line segment,
such as its length, direction and midpoint, are utilised as the primary components of
the representation of the line segments. The facial profiles are then aligned, and a string
matching approach is employed to calculate the distance score, which measures the
similarity between the probing profiles and the gallery profiles. However, this technique
is flawed, as it makes the erroneous assumption that the two profiles being compared
have identical curve features. As a result, it is ineffective in the presence of occlusion.
It is important to note that the two aforementioned methods only make use of two-
dimensional (2D) profiles. Therefore, they completely ignore the potential for various
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head poses to affect a portion of an individual’s facial profile. Consequently, neither the
2D nor the 3D profile comparisons in these studies yield any significant results.

Wallhoff and Rigoll (2001) and Wallhoff, Muller et al. (2001) described a novel hybrid
of artificial neural networks (ANNs) and hidden Markov models (HMMs) to recognise a
person using a facial profile view (90°). This was accomplished in spite of the fact that the
recognition system only used a single frontal image of individuals as training data in their
study. Yet, this approach has the potential to achieve remarkable identification rates
of up to approximately 60%. Bhanu et al. (2004) employed the dynamic time warping
(DTW) technique, which compares and contrasts different facial profiles. The pronasale
and nasion points are found by computing the profile’s overall average curvature and
using that information to locate the landmarks. The similarity score that compares the
profiles in the probe with the relevant profile in the gallery is determined by the DTW
using curvature as an important measurement. In their study, this method achieved an
identification rate of roughly 90% in two different datasets (Bhanu et al. 2004).

This approach was expanded to video-based facial profile identification by Zhou et al.
(2005) who aligned numerous low-resolution facial profile images. As this method is
dependent on the pre-processing of scale space, the calculation of the landmark point
placement in approaches based on curvature is considered to be of the utmost importance.
This is weighted more heavily towards profiles with larger variances in the Gaussian
used to estimate the required scale. When applied to a wide variety of profiles, the scale-
space technique does not provide any assurance that the resulting curvature patterns
will be the same in every single instance. The highest accuracy achieved in their study
was 78.6%, while the lowest accuracy recorded was 64.3%. On average, almost 70% of
individuals were accurately identified by facial profile (Zhou et al. 2005).

In the study that Zhou et al. (2007) conducted on the recognition of side-view faces, two
methodologies were put forward, namely, principal component analysis (PCA) and mul-
tiple discriminant analysis (MDA). To match the side-view face photos, a method based
on curvature of the face was utilised to extract landmark points, and these points were
then employed in both the training and the test sets. The highest achieved recognition
rate was 91.1% (four errors out of 45 persons). Pan et al. (2005) reported the results of
an experimental assessment of some alternative solutions to the problem of facial profile
recognition. They investigated and evaluated various approaches to profile alignment,
including tangent-based standardisation, 2D iterative closest point orientation (2D ICP)
and simulated annealing (SA) synchronisation. In order to assess the three methods, the
researchers used databases that contained pictures of faces observed from the side, as
well as information about facial profiles that had been extracted from three-dimensional
(3D) models of faces. Their study concluded that the SA and 2D ICP techniques yielded
the best results in terms of facial profile recognition.
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Ding et al. (2013) described a novel method for authenticating faces viewed in profile.
The approach used makes use of wavelet modification in conjunction with a random
forest classifier. The method of extracting the side-view face contours begins with the
profile image. Following that, discrete wavelet transform (DWT) analysis is performed
on the features that are retrieved from the data. Subsequently, a feature vector is
computed using a super Fourier descriptor for each face based on the associated wavelet
coefficients. During the evaluation, the suggested strategy was shown to have the highest
feasible level of accuracy at 92.50%.

The inability to capture the entire frontal face lowers the performance of recognition
algorithms. For example, Park et al. (2010) noted that frontal, partial and non-frontal
face images are unsuitable for use with conventional face matching systems, which rely
on numeric matching scores. However, the use of facial-landmark-based matching al-
gorithms allows for facial profile identification, either in combination with any matching
face or independently during face obstruction (Park et al. 2010). In addition, a classifier
can use face matching systems to extract traits from the sides of faces to match subjects.
Furthermore, a revolutionary method was provided in the study conducted by Jia et al.
(1994) to identify distinctive features of a facial profile based on a single frontal image
to facilitate automatic facial recognition. The results of this research show that the ana-
lysis of the Walsh power spectrum of a profile feature is an effective way to positively
identify and distinguish one person from another.

There are several deep learning-based methods that have explicitly investigated facial
profile recognition and proposed methods for extracting discriminative features from
facial profiles. Sengupta et al. (2016) illustrated how several algorithms performed
when using a restricted protocol and how each one degraded from frontal–frontal to
frontal–profile. In their study, the frontal-frontal and frontal-profile experiment achieved
classification accuracy of 96.40% and 84.91%, respectively, using a deep features-based
method. Moreover, in recent years, generative models, such as generative adversarial
network (GAN)-based methods, have been widely used to synthesise the frontal view
from the profile view in order to improve facial profile recognition systems (J. Zhao
et al. 2018; P. Li et al. 2019; Yin et al. 2020). In addition, deep-learning-based methods
have also demonstrated high levels of performance. Facial recognition has been greatly
improved by deep learning techniques, which are trained on a large-scale dataset and
demonstrate high-level recognition rates under challenging conditions (Parkhi et al. 2015;
Deng et al. 2019; Meng et al. 2021).

In a recent study (Romeo et al. 2019), a method for automatically normalising facial
profiles to improve the performance of deep-learning-based profile face matching was
introduced. Given a non-normalised image set with at least one pre-corrected image
per individual, the method presented in (Romeo et al. 2019) generate a normalised
image set. This method has also been tested on the NIST and the MIT-CBCL face
recognition database. In their study, a deep learning recognition system trained on
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facial profiles yielded a promising accuracy rate, with a 7.2% improvement over the
baseline (i.e. non-normalised facial profiles). In this thesis, we use a high-performance
deep learning technique (few-shot learning) on datasets with a small number of samples
(eight samples per subject) to study both the facial profile recognition and the bilateral
symmetry on the facial profiles. The results are presented in Chapter 6.

Depending on the approach that is taken to extract the features from the face, facial
profile recognition methods can be broken down into one of five distinct subclasses:
approaches based on landmark points (geometric features); approaches based on PFD;
approaches based on DWT; approaches based on HMM; and approaches based on DTW
(see Figure 2.2). Table 2.1 provides a summary of the most important facial profile
recognition approaches.

Table 2.1: Summary of facial profile recognition approaches.

Publication Technique Database Accuracy
Galton 1889 Variable and independent feature - -
Kaufman et al. 1976 Geometric features - 90%
Harmon et al. 1977 Geometric features - -
Harmon et al. 1978 Geometric features - 82%
Harmon et al. 1981 Geometric features - 96%
Wu et al. 1990 Geometric features OWN database 100%
Aibara et al. 1991 Fourier descriptor OWN database 94.49%
Aibara et al. 1993 Fourier coefficients OWN database 93.1%
Somaie and Ipson 1994 Fourier transformation OWN database 100%
Jia and Nixon 1994 Walsh power spectrum OWN database -
Lipoščak and Loncaric 1999 Geometric Features OWN database 90%
Wallhoff et al. 2001 HMM-approach MUGSHOT database 56%
Gao and Leung 2002 String matching Face database, University of Bern 96.7%
Bhanu and Zhou 2004 Dynamic time warping technique (DTW) Data from University of Bern 90%
Zhou and Bhanu 2005 Dynamic time warping technique (DTW) OWN database 78.6%
Pan et al 2005 Geometric features Data from University of Bern and FERET database -
Zhou and Bhanu 2007 PCA and MDA OWN database 91.1%
Park and Jain 2010 Active appearance models FERET database 92.02%
Ding et al 2013 Discrete wavelet transform (DWT) The GTAV face database 92.50%

2.3 Facial Profile Databases

The availability of more diverse facial datasets has increased over the past 10 years,
which is one reason why the performance of facial recognition algorithms has improved
so dramatically. The growing number of facial databases also allows for the evaluation
of the performance of facial recognition systems under different conditions (e.g. blurring,
noise and turbulence) (Bourlai 2016). This section will discuss the databases that contain
facial profiles. Although some of these datasets do not primarily focus on facial profiles,
they do contain some facial profile images among their diverse collections. Sample images
from different facial profile databases are depicted in Figure 6.4, and a summary of the
databases is provided in Table 6.2.

The Sheffield Face Database (previously UMIST) (Graham 1998): This
contains 564 images of 20 subjects of mixed ethnicity, gender and appearance.
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(a) (b)

(c) (d)

(e)

Figure 2.2: Examples of different approaches used to extract features from a facial
profile; (a) Discrete wavelet transform (Ding et al. 2013), (b) Landmark points (Leon
Harmon and Hunt 1977), (c) P-Fourier descriptors (Somaie et al. 1995), (d) Dynamic
time warping technique (Bhanu et al. 2004) and (e) Hidden Markov model (Wallhoff,

Muller et al. 2001)

Each individual is shown from different angles, from the profile to the front. The
images are all in PGM format, with dimensions of around 220 × 220 pixels and
256-bit grey scale.

XM2VTSDB (CDS002) (Messer et al. 1999): The XM2VTSDB contains
295 subjects; each subject is shown in 8 images rotated from –90 to +90 (4 left
side images and 4 right side images) constituting a total of 2,360 images. The
images are at a resolution of 720 × 576 pixels.

Face Recognition Technology (FERET) Database (Phillips et al. 2000):
This is a colour database that is mostly used for face recognition. It has 11,338
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colour images with a resolution of 512 × 768 pixels captured in a semi-controlled
environment, with 13 different poses from 994 individuals.

ND-Collection (UND-F and UND-J2) (Flynn et al. 2003; Yan et al.
2007): This collection of biometric images is owned by the University of Notre
Dame (UND) and serves as the repository for the UND Biometrics Database.
There are numerous categories in this dataset, including UND-F and UND-J2.
The UND-F category has 942 3D (and corresponding 2D) pictures of the profiles
of 302 subjects collected between 2003 and 2004; while UND-J2 has 1,800 3D (and
corresponding 2D) profile images from 415 subjects collected between 2003 and
2005.

The FEI Face Database (Amaral et al. 2008): This is a collection of images
of faces, which is part of a Brazilian face database, taken between June 2005 and
March 2006. It includes 14 images for each of the 200 subjects, making up a total
of 2,800 images. All of the pictures are in colour and were taken in front of a plain
white background with the face rotated up to about 180 degrees. The scale varies
by up to 10%, and the original dimensions of each image are 640 × 480 pixels.

Labeled Faces in the Wild (LFW) (Huang et al. 2008): This is a collection
of face images created with the intention of researching the issue of unrestricted
face recognition. The Viola Jones face detector was used to detect and centre
13,233 pictures of 5,749 people on the web. There are 1,680 subjects with two or
more distinct images.

NIST Mugshot Identification Database (MID) (NIST Special Database
18) (Watson 2008): This database has been made available for use in the devel-
opment and evaluation of automated mugshot identification systems. There are a
total of 1,573 individuals in this database. It includes both front and profile views.
The dataset consists of 89 cases that contain two or more facial profiles, as well as
a single facial profile of 1,268 individuals.

CMU Multi-PIE (Multi Pose, Illumination, Expressions) (Sim et al.
2001): This contains over 750,000 images of 337 subjects recorded in up to four
sessions over the span of five months. The images capture different poses, degrees
of illumination, and expressions. The pose range contains 15 different viewpoints,
including facial profiles.

MUCT (Maastricht University Compression Test) (S. Milborrow et al.
2010): The MUCT database consists of 3,755 images of 276 subjects. Compared
to other databases, it was specifically created to offer a diverse range of images
with different lighting conditions, ages, and ethnic backgrounds. Every image is
640 × 480 pixels.
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CelebA (CelebFaces Attributes) (Liu et al. 2015): This dataset contains
over 202,599 images sized 178 × 218 pixels of 10,177 celebrities, including facial
profiles, each annotated with 40 binary labels indicating facial attributes, such as
hair colour, gender and age.

SiblingsDB Database (HQ-fp and HQ-fps) (Vieira et al. 2014): The Sib-
lings DB database is divided into three individual datasets, namely HQf, HQfp
and HQfps. Each individual in HQfp is represented by an expressionless frontal
and profile image. Meanwhile, HQfps contains a total of 112 subjects, with a set
of four images per subject. These images consist of two expressionless images (one
frontal and one profile), as well as two smiling images (one frontal and one profile).

IARPA Janus Benchmark A (IJB-A) (Klare, Klein et al. 2015): This
database was created with the objective of introducing an additional challenge
to the task of face recognition. This is achieved by gathering facial images that
exhibit a diverse range of variances in terms of position, illumination, expression,
resolution and occlusion. The IJB-A database is composed of 5,712 images and
2,085 videos collected from 500 subjects, with an average of 11.4 images and 4.2
videos per subject.

VGGFace2 Dataset (Cao et al. 2018): VGGFace2 aims to provide a compre-
hensive dataset that may be utilised for the purpose of facial recognition across
various poses and age groups. The dataset includes 3.31 million images of 9,131
subjects, with an average of 362.6 images per subject. The average resolution of
the images is 137 × 180 pixels.

GTAV Face Database (Tarrés 2012): This is one of the more current face
databases, and its primary goal is to test how well face recognition algorithms
work when dealing with strong poses and lighting changes. There are a total of
44 subjects in this database, and each subject has 27 images which show various
pose views under three distinct lighting conditions. The resolution of the images
is 240 × 320 pixels.

MegaFace (Kemelmacher-Shlizerman et al. 2016): This is a publicly ac-
cessible dataset used to measure the performance of face recognition algorithms.
MegaFace contains 4.7 million photos that represent 672,057 unique subjects, with
an average of 7 images per subject. The average resolution of the images is 137 ×
180 pixels.

Celebrities in Frontal-Profile in the Wild (CFPW) (Sengupta et al.
2016): The CFPW has 100 famous individuals. There are a total of 14 images of
each individual, with 10 frontal and 4 side view. The images were obtained from
the internet, recorded in uncontrolled situations, and from individuals of varying
ages.
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Datasets #Subjects #Images#Img/subj #Views Year
Sheffield Face Database 20 564 - 10 1998
XM2VTSDB (CDS002) 295 2,360 8 2 1999
FERET 1199 11,338 2 7 2000
ND-Collection (UND-F) 302 942 3 or 4 1 2004
ND-Collection (UND-J2) 415 1800 4 or 5 1 2005
FEI Face Database 200 2800 2 14 2006
Labeled Faces in the Wild 5,749 13,233 1/2.3/530 - 2007
NIST special database 18 1,573 3,248 1 or more - 2008
CMU Multi-PIE 337 750,000 6 15 2009
MUCT 276 3755 10 to 15 1 2010
CelebA 10,177 202,599 - - 2015
SiblingsDB Database (HQ-fp) 158 316 1 2 2014
SiblingsDB Database (HQ-fps) 112 448 2 2 2014
IARPA Janus Benchmark A 500 5,712 11.4 3 2015
VGGFace2 Dataset 9,131 3.31 1 - 2018
GTAV Face Database 44 1,628 10 2 2016
MegaFace 690,572 4.7 M 3/7/2469 - 2016
CFPW 100 1400 14 2 2016
IARPA Janus Benchmark B 1,845 21,798 6.37 3 2017
300W-LP/LPA 59,439 366,564 - - 2019

Table 2.2: Summary of facial profile databases.

IARPA Janus Benchmark B (IJB-B) (Whitelam et al. 2017): The IJB-B
dataset is a template-based face dataset containing 21,708 images and 7,011 videos
of 1,845 subjects. These images and videos were gathered from the internet and
are completely unrestricted in terms of pose, lighting, image quality, etc.

300W-LP/LPA (Large Pose Augmented) (Zhu et al. 2016): The 300W-
LPA dataset expands upon the 300W-LP dataset by rotating each image by 5
degrees in both directions up to a maximum of 25 degrees. It comprises 366,564
images of 59,439 subjects. It is a large-scale face alignment dataset that includes
face profiles.

Several other datasets also contain some profile images, such as the UCD Colour Face
Image Database (Sharma et al. 2003) and PaSC (Beveridge et al. 2013), however, they
are more suitable for face detection than face recognition. After an extensive search for
a dataset that includes poses at 90-degree angles to support the purpose of this research,
a number of relevant datasets for use in the analysis, including Multi-PIE, VGGFace2,
LFW and XM2VTSDB, were initially considered for this study. The main goal during
the search process was to find a dataset that had sets of four or more facial profile images
of the same subject taken over a period of time and entirely obscuring the other side of
the face, to ensure that it was not in the camera’s view and, therefore, the image did
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not reveal information about the other side of the face. In the end, the XM2VTSDB
dataset proved to be the best option.

(a) XM2VTSDB Database (b) MUCT Database

(c) GTAV Face Database (d) Sheffield Face Database

Figure 2.3: Sample images of facial profile databases in a constrained environment:
a) XM2VTSDB database, b) MUCT database, c) GTAV Face database and d) Sheffield

Face database.

2.4 The Role of Facial Profiles in Biometric and Classific-
ation Systems

Recent growth in biometrics has made it necessary to use facial profiles as a type of bio-
metric, and recent research has demonstrated that facial profile images might be helpful
in various biometric and recognition contexts. This section will provide a description of
the various methods that use facial profiles for recognition and classification. Here, we
illustrate that the role of facial profiles in recognition and classification can be grouped
into three categories based on the type of recognition/classification, specifically: gender
and age classifications, human recognition and facial profile cross-recognition. In Sec-
tion 2.4.1, gender and age classification using facial profile images are discussed. Human
recognition is presented in Section 2.4.2. Finally, facial profile cross-recognition is ex-
plained in Section 2.4.3, based on facial profile bilateral symmetry. Table 2.3 summarises
the different classifications and recognition methods using facial profile images.

2.4.1 Gender and Age Classifications from Facial Profile Images

Ghaffary et al. (2011) introduced a novel profile-based facial recognition system that
makes use of the geometric information contained in the profile outline curve. A cas-
caded Adaptive Boosting (AdaBoost) method is used at the beginning of the process to
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determine the location of the ear, the tip of the nose and an area of the skin. The face re-
gion is extracted using the H and S colour channels and a 2D histogram back-projection
technique. Furthermore, the angular sampling procedure is undertaken using a matrix
that moves from the midpoint of the ear and the end of the nose, in order to obtain
the normalised classification model from the profile curve of the face. The method was
found to achieve a detection rate of 96.67% when it was tested on a set of 150 different
profile face images. Moreover, Tariq et al. (2009) achieved 71.20% gender and 71.66%
ethnicity classifications using silhouetted facial profiles of 441 images.

Using convolutional neural network (CNN) models, Yaman, Eyiokur, Sezgin et al. (2018)
achieved accuracy rates of 94% and 52% for the classification of gender and age, respect-
ively. In this study, a large-scale ear dataset was constructed from the profile and
near-profile photos that were included in the Multi-PIE face dataset. Before completing
the task, the CNN models were optimised using a vast ear dataset. Moreover, the results
presented in Bukar et al. (2017) work demonstrated that images of the ear, as well as
of the profile of the face, can be helpful for age estimation. The findings were based on
an aggregate of four distinct datasets that were used in their experiment. ResNet-50,
ResNet-101 and ResNet-152 were used in order to extract features from the data. It
should be noted that each of these datasets came with its own set of benefits and draw-
backs. In addition, a sparsely populated version of the partial least squares regression
technique was also employed with the features that were extracted. The findings of the
tests on the FERET dataset revealed that an optimal outcome may be achieved when
utilising ResNet-152 features with a mean absolute error of 5.50. In another study, sup-
port vector classification (SVC) was used in both single and multimodal experiments in
Zhang’s lab to determine gender based on ears and profiles ()zhang2011hierarchical. For
the purposes of the experiments, the UND-F dataset was utilised. While the multimodal
system were found to have an accuracy of 97.65%, the ear-only and profile-only methods
achieved accuracy rates of 91.78% and 95.42%, respectively.

Yaman, Irem Eyiokur et al. (2019) also illustrated how combining ear and facial profile
photos yields a high percentage of accuracy when classifying age and gender. In their
study, several deep CNN frameworks, which were both multimodal and multitask, were
developed. In addition, various fusion methods have also been studied by the same
researchers, including those that combine data intensities, spatial locations, channels,
features, and scores. In on study, two CNN models, namely VGG-16 and ResNet-50,
were employed. It was observed that the highest level of accuracy of 65.73% was achieved
when using VGG-16 on facial profiles to estimate age. Despite the fact that ResNet-50’s
accuracy with ear photos was significantly lower than that of VGG-16, the two models
obtained nearly the same level of accuracy (60%) when it came to facial profile images.
The ResNet-50 CNN model has also been shown to produce the best results for gender
classification with ear images, with an accuracy rate of 98.00%. Thus, although the
results achieved by VGG-16 are very close to the ResNet-50 results, the best result
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possible for gender classification may be obtained from ear images using the ResNet-
50 CNN model. However, VGG-16 has been shown to achieve 95.81% accuracy and
ResNet-50 94.05% accuracy when used to predict age based on facial features. It has
also been demonstrated that images of the ear are more useful for determining gender
than images of the facial profile. This is despite the fact that facial profile photos perform
significantly better than ear images in terms of age classification. In addition, the VGG-
16 and ResNet50 CNN models were both found to be able to achieve a classification
accuracy of 99.11% with the use of spatial fusion in their multimodal trials. Based on
these results, it is abundantly clear that facial profile photos constitute a rich data source
that may be used for age and gender differentiation. Figure 2.4 depicts an overview of the
multimodal and multitask framework for analysing and classifying the age and gender
of individuals.

The experimental findings presented by Yaman, Eyiokur and Ekenel (2022) indicate
that images of the ear and the profile of the face contain features that could be utilised
to obtain soft biometric traits. That is, in cases where a frontal view of the subject
is unavailable, it has been demonstrated that ear and facial profile images could be
used effectively by soft biometric recognition systems. Yaman’s study achieved a gender
classification accuracy of 98.33% and an age classification accuracy of 65.73% when using
facial profile images. When compared to methods that only use frontal face images,
the multimodal system presented in that study was found to achieve higher levels of
recognition rates. This is also the case when comparing the multimodal method to the
unimodal method. As a consequence, using facial profiles continues to be one of the
most effective biometric technologies to determine an individual’s true gender. In spite
of this, however, little research has been conducted to explore the use of facial profiles.

2.4.2 Human Recognition from Facial Profile Images

A significant number of studies on how to recognise faces using limited information
have also been published, and several of these have focused on human facial profiles
(Aibara, Ohue and Oshita 1993; LD Harmon et al. 1981; Wu et al. 1990). X. Zhang
et al. (2008) created a novel approach to facial recognition by combining frontal and
side pictures of the face to better handle rotational poses. This was accomplished using
a combination of image features. The numerical results from the study presented a
reliable face-recognition framework using both frontal and profile face images. The
experimental results showed that the strategy of using both frontal and side views to
distinguish rotated faces could improve the value of forensic databases in automated
human face recognition systems. The recognition rate using a side view only was 73%.
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Moreover, Sarangi et al. illustrated that, compared to state-of-the-art cross-media bio-
metrics for the same dataset, systems employing different biometric configuration set-
tings, such as facial profiles and ears, could significantly improve identification per-
formance (Sarangi, Mishra et al. 2018). According to the findings of their study, the
recognition rate achieved when using the ear was 90.94%, while the accuracy achieved
when using facial profile was 93.57%. However, when combining the two modalities, the
recognition rate was 99.12%.

A recent study (Sarangi, Panda et al. 2022) also investigated a multimodal biometric
recognition system that utilised ear and profile face images as input. In this system,
the discriminative feature vectors were created using three feature extraction methods,
including the local directional patterns (LDP), local phase quantisation (LPQ) and bin-
arised statistical image features (BSIF). Furthermore, the experimental findings of two
benchmark datasets (UND-E and UND-J2) showed that the proposed strategy exhibited
superior performance in comparison with individual modalities (i.e. unimodal ear bio-
metrics). When combining the LDP and LPQ techniques for facial profiles and ears, it
was found to achieve a 100% recognition rate on the UND-E dataset. Using only facial
profile images, the approach achieved a 93.57% identification rate, whereas the use of
ear images only led to a 90.95% identification rate.

Rathore et al. also created a multimodal system based on the ear and facial profile
images (Rathore et al. 2013). Three different databases were used to evaluate the exper-
iment, namely IITK Data Set 1, UND-E and UND-J2. To clarify, there are 801 facial
profile images in IITK Data Set 1, 464 facial profile images in UND-E and 1,800 facial
profile images in UND-J2. The images were improved using three techniques, that is,
adaptive histogram equalisation (AdHist), non-local means (NLM) and steerable filter
(SF). In addition, both the speeded up robust features (SURF) and scale-invariant fea-
ture transform (SIFT) algorithms were utilised to calculate features from the photos.
The fusion was implemented at both the feature and score levels. The findings demon-
strated that when the ear and facial profile are combined, performance is noticeably
better than when they are used separately. In short, when AdHist, NLM and SF were
combined for facial profiles, a 99.16% recognition rate in IITK was achieved.

Another recent study investigated (Alqaralleh et al. 2023) masked face recognition by
employing BSIF and CNN as the main recognition algorithms. Two distinct datasets,
ND-TWINS-2009-2010 and Celebrities in Frontal-Profile in the Wild (CFPW), were util-
ised to evaluate the accuracy of the proposed method. Since the images in the datasets
are maskless, masks were synthetically added to the images. The experimental results
demonstrated that this approach could achieve a 98% success recognition rate when
using a facial profile. Overall, the findings reported in the aforementioned studies indic-
ate that multimodal and facial profile recognition systems enjoy superior performance
compared to unimodal ear or facial profile systems.
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Table 2.3: Summary of different classification and recognition methods for facial
profile images.

Publication Classification
Type Technique Database Accuracy

Zhang et al.
2008

Rotated face
recognition

Holistic matching
method, PCA,
and LBP

MUGSHOT
database

73% by using
LBP

Tariq et al.
2009

Gender and
ethnicity

Shape context
based matching

441
silhouetted
face profiles

71.20% for gender
classification and
71.66% for
ethnicity
classification

Zhang and
Wang 2011 Gender OWN technique UND-F 95.43%

Ghaffary et
al. 2011 Gender

Geometric
information of
the outline curve
of profile
silhouettes

GTAV 96.67%

Bukar and
Hassan
2017

Age Deep learning FERET 84.92%

Yaman et
al. 2018 Age and gender Deep learning

Own Dataset
built from the
Multi-PIE face
dataset

94% for gender
classification and
52% for age
classification

Sarangi et
al. 2018

Human
identification LDP+BSIF+LPQ,

PCA
UND-E 95.32%

Toygar et
al. 2018

Face profile
bilateral
symmetry BSIF+LPQ+LBP

ND-twin
database 81.52%

Yaman et
al. 2019 Age and gender Deep learning

UND-F,
UND-J2, and
FERET

98.33% for gender
classification and
65.73% for age
classification

Yaman et
al. 2022 Age and gender Deep learning FERET

65.73% for age
classification and
95.81% for gender
classification

Sarangi et
al. 2022 Face recognition SPT-LPQ UND-E 94.73%

Rathore et
al. 2023

Human
recognition

AdHist + NLM +
SF IITK 99.16%

Alqaralleh
et al. 2023

Masked face
recognition BSIF ND-twin

database 98.00%
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(a) (b)

Figure 2.4: Examples of gender and age classification from facial profile images by
deep learning; (a) Multitask age and gender classification framework (Yaman, Irem
Eyiokur et al. 2019) and (b) Combining ear and face profile for age and gender classi-

fication (Yaman, Eyiokur and Ekenel 2022)

2.4.3 Facial Profile Cross-Recognition

A recent study (Toygar et al. 2018) found that facial profiles are more powerful than ear
biometrics. However, the research recommended the simultaneous use of facial profiles
and ear images from both sides to obtain the optimum result. The study employed
two distinct biometric features, namely facial profiles and ear biometrics. Experiments
were carried out utilising the feature extraction techniques of principal component ana-
lysis (PCA), SIFT, local binary pattern (LBP), LPQ and BSIF to represent the facial
profile and ear images. Using the ND-Twins-2009-2010 and Universally Better Econom-
ical Rides (UBEAR) databases, a number of experiments were conducted. Two fusion
schemes were used in the process, that is, feature-level fusion and score-level fusion. As
mentioned above, based on the experiment’s results, face profile recognition systems
were shown to be more effective than ear recognition systems in the presence of sym-
metry. This is because the right and left facial profiles are more similar and share more
discriminative traits than the right and left ears. For instance, when using the UBEAR
database and BSIF method to train on the left ear and test the symmetry on the right
ear, the accuracy was found to be 71.73%, whereas the accuracy was found to be 81.52%
when the training was conducted on the left profile and the test on the right profile.

It is noted that none of the studies described above address bilateral symmetry using
deep learning based method. In this study, we use bilateral symmetry to address sci-
entific questions, such as whether we can recognise or identify a right/left facial profile
(probe) using a left/right facial profile (gallery) in Chapter 6.
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2.5 Soft Biometrics

In criminal investigations, law enforcement organisations must first identify the suspects
by gathering eyewitness descriptions of their physical traits, such as their facial features,
build and clothing (Sporer 1992). Therefore, an accurate description provided by an
eyewitness can affect the identification of the suspect. As a result, these testimonies
need to be integrated into a computer vision/machine learning system that analyses
facial profile images numerically.

In this section, we introduce soft biometrics for human recognition to illustrate the
effectiveness of soft biometrics on facial recognition in general. We will also discuss soft
biometric approaches in detail and also distinguish between categorical and comparative
soft biometrics.

2.5.1 Human Recognition/Identification Using Soft Biometrics

The identification and recognition of individuals are becoming increasingly important
around the world for security and control purposes. Organisations, agencies and indi-
viduals are thus creating technologies to improve this recognition in diverse contexts.
As part of this development, soft biometric systems are becoming increasingly popular
due to their ability to bridge the semantic gap between human descriptions and image
features. These systems use characteristics that are easily observable by humans, such
as gender, hair colour and height, so that the individuals who have been described can
be searched for. Eyewitness descriptions can be quantified using soft biometric meth-
ods integrated into computer systems for human recognition (Reid, Samangooei et al.
2013). Soft biometrics do not require numerical image analysis; instead, verbal human
descriptions are processed for identification and recognition.

The growing popularity of soft biometrics reflects the fact that these systems possess
unique advantages over conventional ones. For instance, face recognition at a distance
(FRAD) requires excellent frame rates and image resolution to identify individuals (Ao
et al. 2009). In contrast, soft biometrics allow people to identify traits from low-frame
rate videos with a low resolution, even when a subject is seen from an arbitrary angle
that makes the frontal perspective unclear. The face attributes provided by eyewitnesses
are numerically described by soft biometrics for identification and recognition. In this
regard, if the human descriptions are provided by eyewitnesses, soft biometric systems
can be used for recognition even in cases where traditional biometric identifiers are not
available (Reid 2013).
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2.5.2 Soft Biometric Approaches

Biometric recognition systems comprise two distinct subsystems that work together to
accomplish security and control. Such systems are prevalent in recognition devices due
to their ability to make use of important biometric identifiers, such as fingerprints, fa-
cial features and hand geometry, to identify people during authentication. Biometric
systems based on soft biometric traits, such as gender and height, have also been at-
tracting attention recently (Jain et al. 2004). The combination of soft biometrics and
traditional biometrics has created highly reliable systems, and an increasing number
of studies support the addition of soft biometrics to face and fingerprint recognition
for the formulation of reliable systems to identify individuals (Reid and Nixon 2010;
Samangooei et al. 2008; Martinson et al. 2013; Jain et al. 2004).

In addition, some soft biometric approaches are increasingly considering non-facial ele-
ments (Nixon, B. H. Guo et al. 2017), such as body type and clothing, whereas others
continue to focus on facial traits. In recent studies, traditional biometrics have been
combined with eyewitness testimony (soft biometrics) for superior performance. Fur-
thermore, soft biometric and traditional gait biometric techniques have also been fused
to improve the performance of gait recognition systems via both holistic and model-based
approaches (Martinho-Corbishley, Nixon et al. 2015).

Soft biometrics first emerged in the late 1990s, and various investigations have since
improved and complemented biometric systems. For example, a 2004 study by Jain et
al. used a database of 160 subjects to assess the identification of individuals using age
group, gender and height as the soft biometrics. Soft biometric techniques were shown
to improve the performance of traditional biometric fingerprint systems in recognition
and identification by 6% (Jain et al. 2004). Heckathorn et al. (Heckathorn et al. 2001)
also found that personal features, including eye colour, gender, race, height and visible
marks, such as scars and tattoos, could be used to improve the accuracy of traditional
systems in the recognition of individuals. Previous studies on the role of human traits
in recognition have thus acknowledged the critical role of soft biometrics in improving
traditional biometric systems. Overall, the inclusion of soft biometric traits improves
the accuracy and reliability of established biometric systems by considering individuals’
physical characteristics.

The ubiquity of surveillance camera networks on business premises has not significantly
reduced crime rates, and there are still many crimes committed in which an eyewitness
account is the only available description of the perpetrator’s appearance. Moreover, sur-
veillance camera networks are often only useful when security agents can search through
the videos and a face database to match an eyewitness description. The use of soft
biometrics would improve the timely resolution of many crimes by allowing security
agents to conduct intelligence investigations. Thus, improving the reliability of bio-
metrics depends on the inclusion of soft biometric traits. Doing so would lead to the
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accommodation of pattern recognition technology to allow humans to describe the ap-
pearance of a subject’s face so that security agents can use this information to search
their databases. Klare, Klum et al. (2014) provided a reliable approach to the use of
verbal facial attributes described by humans in criminal investigations. They noted that
an attribute extraction algorithm could be used to compare various traits, such as eye-
brow, chin and eye shapes, based on hand-drawn police sketches from target repositories.
This is because the identification of frontal face traits is a critical process in improving
the forensic identification of suspects.

The use of biological features in identification is becoming increasingly attractive to
different agencies and organisations e.g. tech companies and banks. Dantcheva et al.
(2011) described biometrics as the use of physical or behavioural traits, such as signature,
gait, iris, voice, fingerprints or face, to recognise individuals. However, biometric systems
encounter problems due to limited discriminability, overlaps between identities, poor
data quality and missing information (Dantcheva et al. 2011).

2.5.3 Categorical versus Comparative Soft Biometrics

For recognition when using soft biometrics, we need a scheme to assign a score to subjects’
traits. This scoring scheme could be categorical or comparative. Such scores could then
be used as feature vectors for recognition purposes. In a categorical framework, a trait
is put in a certain category. For example, height can be classed into 10 categories, from
the shortest to the tallest height. Each person needs to be assigned to one of these
groups. However, in a comparative framework, the scores are assigned by comparing
the traits of two individuals. For example, the heights of two individuals are compared
(e.g. subject A is taller than subject B) and ranked using a ranking algorithm, such
as Elo 1(Reid, Nixon and Stevenage 2013; Nawaf Yousef Almudhahka et al. 2017b) or
RankSVM (Parikh, Kovashka et al. 2012; Martinho-Corbishley, Nixon et al. 2016). The
most effective is the comparative method, as no human error can be made by assigning
an incorrect score to a trait. However, human errors may occur when assigning an
attribute to a certain category.

Reid and Nixon originally introduced comparative soft biometrics, which are based on
comparisons of subjects (Reid and Nixon 2011). The development of this approach could
enhance the reliability and effectiveness of scoring schemes for attributes in soft biomet-
rics. Comparative soft biometrics generate biometric signatures and feature vectors for
subjects to be used in recognition and identification. In addition, comparative descrip-
tions are a powerful method of obtaining reliable human descriptions based on eyewitness
information and soft biometric evidence (Reid, Nixon and Stevenage 2013). The use of
comparative soft biometrics to describe people also allows for the recording of numerous

1The Elo rating system is named after the Hungarian-American physics professor (and 8-time state
champion chess master) Arpad Elo, who originally devised his rating system around 1960.
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differences and an accurate representation of traits for more precise recognition. In 2011,
Parikh et al. introduced the concept of ‘relative attributes’, which provides a way to
rank images according to attribute (trait) intensity using class-level ordered pairwise
comparisons (e.g. ‘bears are furrier than giraffes’) (Parikh and Grauman 2011).

Several previous studies have acknowledged that comparative traits could be used for
recognition. For instance, a study conducted by Reid in 2013 required 63 contributors
to compare one subject with another (the study had 50 subjects in total) and used the
comparisons to collect traits. The collected traits included a detailed consideration of
facial components and led to a 96.7% identification accuracy (Reid 2013). In another
study, Samangooei et al. used global and body soft biometric traits to demonstrate
the importance of comparative soft biometrics in human descriptions of low-quality
surveillance footage (Samangooei et al. 2008). There is additional documented evidence
of the importance and benefits of comparative attributes over categorical attributes in
the formulation of reliable recognition systems (Reid, Nixon and Stevenage 2013).

2.5.4 Impact of Facial Soft Biometric on Recognition

The testing phase of face biometric systems has long been completed successfully, and
currently, these systems are widely used in practice. The effective use of biometrics
requires the identification of multiple traits that are visible from a variety of angles.
However, most of these traits can be found in face images and recordings of facial
movements, meaning that the use of a minimum number of features can facilitate the
completion of recognition. Ensuring there is a collection of frontal face traits can be
critical in successfully recognising or identifying a subject based on specific information.
However, a facial profile reveals some characteristics of the facial structure that cannot
be observed in a frontal face image. These aspects include the nose, chin and cheekbones,
which can have an impact on the recognition rate.

Facial verification uses established features that make a subject unique. At the same
time, descriptive visual attributes are used as conspicuous labels to describe the appear-
ance of an image (Kumar et al. 2009). There are also features of the face that can be
used in different domains, for example, nose size, jaw shape, age and gender. Although
descriptive visual attributes obtained from the frontal face are not unique, their dimen-
sions or underlying traits mean they can be used to describe a unique subject. Kumar
et al. noted that attribute-based representation has specific benefits for vision tasks
because attributes are manifold, meaning they can be used to create different levels of
descriptions. A classifier can thus generalise them by learning them once and using the
obtained knowledge to identify new categories, objects and subjects without the need
for additional training (Kumar et al. 2009).
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The frontal face has been used by investigators in the majority of studies due to the
rich information it contains, which helps in the detection and recognition of subjects,
even in uncontrolled situations (Reid, Samangooei et al. 2013; Nixon, Correia et al.
2015; Gonzalez-Sosa et al. 2018). For example, in one study using frontal face images
Almudhahka et al. used a variety of algorithms to assess the role of soft biometric
attributes in the performance of the identification process (N. Almudhahka et al. 2016),
and Kwon and Lobo attempted to classify subjects as ‘babies’, ‘young adults’ or ‘senior
adults’ using age classification from facial images. To do so, Kwon and Lobo analysed
the skin wrinkle and feature-position ratios, chiefly those found on the frontal face, to
complete their classification (Kwon et al. 1999).

The first methods to face verification used soft biometrics, demonstrating that excellent
performance is required for an enhanced understanding of face, age and gender. Con-
sequently, many researchers have also assessed the frontal face as a critical component in
soft biometrics. Almudhahka et al. investigated the topic on a large scale in the context
of human identification using comparative facial soft biometrics on a dataset with 4,038
subjects (Nawaf Y Almudhahka et al. 2016). They reported that a rank-10 identifica-
tion rate of 96.98% along with a verification accuracy of 93.66% could be achieved with
only 24 soft biometric traits and 10 comparisons. Furthermore, the role of the frontal
face in facial identification and verification has received copious attention, leading to an
improved understanding of numerous traits that can be obtained from facial movement
recordings and images.

In addition, the effectiveness of side-view images has also been assessed in various stud-
ies. For example, Ghalleb et al. (2016) investigated the utilisation of facial and body soft
information to improve the performance of a face verification system in remote acquisi-
tion circumstances. Specifically, the face verification method used the Discrete Wavelet
Transformation. Facial and body soft biometric traits including skin colour, shoulder
width, head width and height and waist width for side view were used. Adding soft
traits to the hard biometric system reduced the equal error rates from 19.30% to 3.00%
and 28.00% to 7.48% for frontal and side views, respectively when using 360 images of
18 subjects.

This literature review demonstrates the necessity of introducing and investigating soft
biometrics in side-view databases, as discussed further in Chapters 3 and 4. Further-
more, the results also highlight how crucial it is to automatically perform comparative
soft biometrics and potentially bridge the semantic gap between human (or eyewitness)
testimonies and computer vision for facial profiles. We discuss this further in Chapter
5. Consequently, the objective of this thesis is to improve earlier studies by investig-
ating the use of comparative facial profile soft biometrics for human recognition and
automatic retrieval. The main focus is on performance assessments, the development of
soft facial profile biometrics for use in novel applications and the identification of facial
profile traits that could be employed for advanced retrieval and identification.
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2.6 Conclusions

The field of facial profile biometrics is expanding, with recent studies investigating topics
such as pose and rotational variability, illumination and occlusion. In addition, the pro-
cess of determining subtle characteristics from facial profiles is still in its infant stages of
development. In this chapter, a review of the biometrics associated with the face profiles
was presented. We discussed different methods of identifying facial profiles as well as
the role that facial profiles play in other classification areas, such as age and gender.
The chapter also presented an outline of soft biometrics and their significant function
in investigations based on eyewitness testimonies. This aspect ensured a compelling ex-
planation and evaluation of the existing research concerning soft biometrics. In addition,
the literature review compiled a list of the most important studies on biometric facial
profile recognition and identification while pointing out the shortcomings of each of these
studies. In summary, the review discussed the implications of the existing knowledge
gaps identified in the literature to formulate the objectives of this research project.

The literature shows that using comparative comparison on soft biometrics outperforms
the categorical one. Furthermore, soft biometric systems perform exceptionally well
when used to identify individuals in a variety of domains such as face, clothing, and
gait. The literature shows that there is some study on deep learning towards facial
profiles recognition. However, it should be emphasised that deep learning-based features
have not been utilised before to investigate both facial profile recognition and bilateral
symmetry on facial profiles. In addition, no previous studies on evaluating the impact
of soft biometrics using facial profile data.



Chapter 3

Comparative Facial Profile Soft
Biometrics

3.1 Introduction

This chapter provides an introduction to comparative soft biometrics and outlines the
approach used to crowdsource systematic comparative interpretations of soft biometric
human facial qualities, along with its potential application in human image recognition.
It summarises the acquisition of relative labels through crowdsourcing, which facilit-
ated the collection of data and information from a diverse and international pool of
interpreters, accounting for the anticipated response variation in surveillance settings.
Additionally, all of the responses from the crowdsourcing are analysed. The chapter
concludes with a discussion on ranking algorithms and their application to pairwise
comparisons. Moreover, this study builds on earlier research in relative attributes and
soft biometrics, as discussed in Sections 2.5.

The remainder of this chapter is organised as follows: Section 3.2 introduces the data-
base used throughout this research, while Section 3.3 provides a more detailed explana-
tion of the concept of relative attributes; Section 3.4 discusses the experimental design
for capturing facial profile attributes and defines the key attributes required to con-
struct and collect labels for a dataset from human annotators; Section 3.5 describes the
crowdsourcing annotation task using the Appen platform, assesses the stability of crowd-
sourced facial profile soft biometric traits, analyses their distributions, and determines
their level of uncertainty; Section 3.6 discusses different ranking techniques that can be
used to obtain the signature features for each subject in the database; Finally, Section
3.7 provides an overview of our findings.

31



Chapter 3 Comparative Facial Profile Soft Biometrics 32

3.2 XM2VTSDB Dataset

After an extensive search for a dataset that included poses at 90-degree angles to support
the purpose of this research, we identified several relevant datasets to use in the analysis.
These datasets included VGGFace2, LFW, UMDFaces, and XM2VTSDB (as outlined
in Section 2.3). The main goal during the search process was to find a dataset that
had sets of four or more facial profile images of the same subject taken over a period of
time. Additionally, we wanted to make sure that the other side of the face was completely
hidden in order to avoid any information related to that from being disclosed. Ultimately,
the XM2VTSDB dataset proved to be the best option. This dataset contains one left
and one right profile image (sample) per person per session, totalling 2,360 images. Each
image is 720 × 576 pixels.

The XM2VTSDB database 2, a research resource established and maintained by the
University of Surrey (see (Messer et al. 1999) for details), is an extended version of
the M2VTS database, as it comprises more video recordings of each subject during each
session compared to M2VTS. Participants from the XM2VTSDB database attended four
sessions and the database was developed over a significant period, enabling a wide range
of appearance variations of the individual subjects (see Figure 3.1). For example, there
were variations in participants’ face shape, facial hair, hairstyles and the use of glasses.
These factors made it a challenging dataset to work with for recognition. However, upon
examining the dataset, we discovered that 230 out of the 295 subjects met our criteria
and could be included in the analysis. The rationale for choosing this dataset for our
research study was that the images only show the facial profiles of the subjects to the
biometric system, without any other part of the face being exposed to the system or to
eyewitnesses. In contrast, other face datasets such as LFW also reveal some parts of
the other side of the facial profiles, making the LFW dataset less challenging than the
XM2VTSDB dataset in terms of facial profile recognition.

XM2VTSDB includes a fairly significant number of subjects. However, the variety of
XM2VTSDB images is extremely limited: the lighting is uniform, the majority of the
individuals are white, the facial expressions are mainly neutral, and the positions in
some images are not strictly 90 degrees (Stephen Milborrow et al. 2010). Furthermore,
it only includes four samples per participant per side view.

3.2.1 Occlusion-based Facial Profile Data

Occlusion presents a significant challenge across various domains, including object detec-
tion, crowdsourcing, and soft biometrics. Within face recognition, a primary obstacle is
the detection of facial features obscured by occluded areas (Ge et al. 2017). Currently,

2https://store.surrey.ac.uk/product-catalogue/feps-faculty-of-engineering-physical-sciences/
electronic-engineering/xm2vtsdb-multi-modal-face-database.

https://store.surrey.ac.uk/product-catalogue/feps-faculty-of-engineering-physical-sciences/electronic-engineering/xm2vtsdb-multi-modal-face-database
https://store.surrey.ac.uk/product-catalogue/feps-faculty-of-engineering-physical-sciences/electronic-engineering/xm2vtsdb-multi-modal-face-database
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Figure 3.1: Sample facial profile images from the XM2VTSDB dataset.

researchers are exploring methods for reconstructing images with and without occlusion.
An occluded face refers to one partially obscured from view, often by an object such
as a mask or due to obstructed camera footage. Notably, the XM2VTSDB dataset
encompasses various occlusions that impact identification performance, including ear,
neck, and eyebrow occlusions, as well as instances where glasses obscure the eyes (see
Figure 3.2).

(a) (b) (c) (d)

Figure 3.2: Sample facial profile images from the XM2VTSDB dataset where the
effect of some occlusions can be noted: (a) Ear & Eyebrow; (b) Eye & Neck; (c) Ear &

Neck; (d) Ear & Eyebrow.
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3.3 Relative Attributes

Recent research has explored leveraging relative information to enrich face description
of objects within images. Various strategies have been used to exploit the similarities
between objects as a descriptive tool. In 2009, Kumar et al. achieved superior perform-
ance compared to traditional binary classifiers by employing pairwise ”simile attributes”
to describe face regions in relation to a set of reference appearances, for example, ”a
mouth like Harrison Ford” (Kumar et al. 2009), as depicted in Figure 3.3. In addition,
G. Wang et al. (2010) identified objects based on similarities, with few or no examples.
Through descriptions such as ”a zebra is comparable to a horse in shape and a crosswalk
in texture”, the technique is able to detect zebras without the need for any training
examples. It has also been demonstrated that using similarity descriptions can enhance
object recognition in images, even when training data is limited. Although both ap-
proaches use relative information to improve descriptions, they differ from our method.
While the similarity between reference subjects or objects facilitates description, our
approach enables sorting based on specific traits through subject comparison.

Figure 3.3: Using simile attributes to describe visual appearance (Kumar et al. 2009).

To date, there has been a lack of evaluation of facial profile retrieval using comparative
soft biometrics based on verbal descriptions. While individuals present their percep-
tions regarding the inclusion or exclusion of facial profile characteristics in their face
descriptions, comparative attributes are crucial for assessing one face relative to others.

As discussed briefly in 2.5.3, the application of comparative soft biometrics in the con-
text of human identification has revealed that relative (or comparative) attributes hold
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more advantages compared to categorical attributes (Parikh, Kovashka et al. 2012; Reid,
Samangooei et al. 2013; Reid, Nixon and Stevenage 2013; Reid and Nixon 2011). It has
been found that presenting attributes in a relative manner offers several benefits (Parikh,
Kovashka et al. 2012). In general, comparative attributes help overcome the challenges
associated with describing nuanced traits. Additionally, creating a comparison provides
a reference point. For instance, determining whether the nostril size of Subject A is wide
or narrow becomes more challenging without comparing it to an established reference.
Introducing Subject B renders the description of the binary attribute more meaning-
ful by establishing a consensus that the nostril of Subject A is, for example, narrower
than that of Subject B. Consequently, utilising comparative attributes in soft biomet-
rics improves agreement by bringing clarity to descriptions. Figure 3.4 illustrates how
employing relative attributes can enhance descriptive content.

Figure 3.4: Gender of samples from the XM2VTSDB database expressed using two
methods: (a) categorical labels and (b) comparative labels.

3.3.1 Label Comparisons of Facial Profiles

Modern biometric data analysis machines employ a model that is similar to the one
used by people to formulate descriptions. Comparative labels enable both systems and
individuals to compare the relative features of a group of people. Consequently, soft
biometric attributes should be associated with an established comparative label. In
addition, Samangooei et al. observed that researchers are continually endeavouring to
delineate the scope of soft biometrics using various comparative labels, such as the 5-
point bipolar scale (Samangooei et al. 2008).
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The increased popularity of the bipolar scale as a comparative label has sparked mixed
opinions regarding its usage. Almudhahka et al. utilised the findings of an experimental
study to assert that compressing a 5-point Likert scale into a 3-point scale improved
the identification rate, with certain levels being disregarded (Nawaf Yousef Almudhahka
et al. 2017b). The researchers also advocated for the elimination of minor details to
decrease the variation in data collection and analysis. The current study uses a 4-
point bipolar scale for the comparative labels associated with specific attributes as in
(Nawaf Yousef Almudhahka et al. 2017b), following a consistent format: ‘More A/Less
B’, ‘Same’, ‘More B/Less A’ and ‘Cannot see’. The label values are 1 for ‘More A/Less
B’, 0 for ‘Same’, –1 for ‘More B/Less A’, and -2 for ‘Cannot see’.

3.4 Experiment Design to Capture Facial Profile Attrib-
utes

This evaluation utilised comparative facial profile soft biometrics to identify individuals
alongside existing soft biometric features. Together, these describe critical traits of the
human face (N. Almudhahka et al. 2016; Nawaf Y Almudhahka et al. 2016; Nawaf Yousef
Almudhahka et al. 2017b; Reid and Nixon 2011) (e.g., eyebrow, eye, nose, and neck),
enabling the definition of 23 attributes relevant when determining the identity of each
facial profile. Furthermore, this study suggested incorporating 10 additional attributes
to describe a facial profile. These attributes include nostril size, nose tip, nose size,
face profile length, face profile width, ear orientation with respect to the head, ear–
head ratio, ear–chin distance, ear–nose distance, and skin condition. It is important to
note that this study is inspired by the related literature (Martinho-Corbishley, Nixon
et al. 2015; N. Almudhahka et al. 2016), which considers skin colour and gender as
comparative human traits. The research conducted by Reid et al. was also significantly
influenced by police witness evidence forms, which inspired them to define these traits
using both multi-class and traditional binary labels (Reid, Nixon and Stevenage 2013).
This approach can lead to homogeneous labelling in the case of an unbalanced dataset or
if cross-race influences the annotation (Nixon, Correia et al. 2015). Hence, the primary
objective of comparative annotation is to mitigate such effects by providing an objective
description of the differences between two subjects.

The description of each feature must include the formulation of a suitable set of compar-
ative labels to define the attributes. Table 3.1 presents the attributes derived from the
facial profile scale. The measurements were evaluated using the 4-point bipolar scale
described in Section 3.3.1. This approach proved to be effective in formulating and
describing scores, as a numerical value enabled the creation of an ordered list for each
trait as a vector, which could be used to rank subjects.
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This experimental evaluation involved selecting a suitable subset of subjects from the
dataset. Ultimately, the experiment included a total of 230 subjects, each with four
facial profile samples, sourced from the XM2VTSDB dataset (Messer et al. 1999). These
samples from the database facilitated the assessment of recognition accuracy by mapping
features to images in the dataset.

3.5 Crowdsourcing of Comparative Facial Profile Traits

Many previous studies have used crowdsourcing platforms to annotate datasets because
this approach offers a reliable method for analysing characteristics and labels (N. Almud-
hahka et al. 2016; Nawaf Yousef Almudhahka et al. 2017b; Samangooei et al. 2008).
Crowdsourcing generates a vast collection of responses, accompanied by high-quality
comparative annotations, as the data are gathered by a large number of annotators
with diverse cultural, linguistic, and national backgrounds. Welinder and Perona point
out that the advancement of online platforms also enables the assignment of annotation
tasks to numerous individuals who are computer-literate, resulting in the production of
verifiable and reliable outcomes within a few hours (Welinder et al. 2010). In general,
crowdsourcing platforms are reliable systems for acquiring extensive human knowledge
and performing tasks based on visual understanding (Welinder et al. 2010).

In this study, we designed and executed a crowdsourced annotation task for the collec-
tion of labels using the Appen platform 3. The Appen platform allowed us to manage the
number of tasks each user could handle and enabled us to present ‘gold-standard’ ques-
tions with predetermined responses to test the contributors. By distributing the analysis
and encouraging participants to provide a variety of answers, the platform ensured the
collection of high-quality annotations while filtering out any fraudulent responses.

3.5.1 Question and Response Design

The crowdsourcing method was used to determine the comparative facial profiles of the
samples obtained from the XM2VTSDB dataset. In each task, the contributors on the
online platform (referred to as labellers) used the labels listed in Table 3.1 to compare
attributes of two facial profile images. Figure 3.5 provides an example of a crowdsourced
comparison that was conducted on the Appen platform. During the annotation process,
the labeller was required to compare a subject on the left with another subject on the
right, using predetermined comparative labels. A total of 33 ×

(
920
2

)
unique annotations

were collected, with each subject being compared to two other subjects in terms of
each trait. The questions used in the crowdsourcing platform followed a psychometric

3https://appen.com/.

https://appen.com/
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Table 3.1: Soft facial profile biometric attributes and possible associated response
labels.

No. Soft Traits Comparative Labels
1 0 -1 -2

1 Eyebrow length More Long Same More Short Cannot see
2 Eyebrow shape More Raised Same More Low Cannot see
3 Eyebrow thickness More Thick Same More Thin Cannot see
4 Spectacles More

Covered
Same Less Covered Cannot see

5 Eye-eyebrow distance More Large Same More Small Cannot see
6 Eye lashes More Long Same More Short Cannot see
7 Eye size More Large Same More Small Cannot see
8 Philtrum size More Long Same More Short Cannot see
9 Nostril size More Wide Same More Narrow Cannot see
10 Nose tip More Pointed

Down
Same Less Pointed

Down
Cannot see

11 Nose size More Large Same More Small Cannot see
12 Lips thickness More Thick Same More Thin Cannot see
13 Face profile length More Long Same More Short Cannot see
14 Face profile width More Wide Same More Narrow Cannot see
15 Skin smoothness More Smooth Same Less Smooth Cannot see
16 Skin condition More Clear Same More Pimples Cannot see
17 Forehead hair More Fore-

head Hair
Same Less Fore-

head Hair
Cannot see

18 Ear size More Large Same More Small Cannot see
19 Ear orientation with re-

spect to head
More Further
from head

Same More Closer
to head

Cannot see

20 Ear-head ratio More Large Same More Small Cannot see
21 Ear-chin distance More Further Same More Closer Cannot see
22 Ear-nose distance More Large Same More Small Cannot see
23 Cheek shape More Flat Same More Promin-

ent
Cannot see

24 Cheek size More Large Same More Small Cannot see
25 Chin & jaw shape More Reced-

ing
Same More Pro-

truding
Cannot see

26 Double chin More Large Same More Small Cannot see
27 Chin height More Large Same More Small Cannot see
28 Neck length More Long Same More Short Cannot see
29 Neck thickness More Thick Same More Thin Cannot see
30 Age More Old Same More Young Cannot see
31 Gender More Mascu-

line
Same More Femin-

ine
Cannot see

32 Skin colour More Dark Same More Light Cannot see
33 Figure (Shape) More Fat Same More Thin Cannot see
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procedure, wherein contributors were presented with two images of different individuals
and asked to compare them (Martinho-Corbishley 2018).

 

Figure 3.5: Example of a question used on the Appen platform.

The questions and comparisons on the online platform were intentionally designed to
be simple and straightforward, ensuring accuracy and reliability. To improve response
speed and encourage completion of the questions, the answer form was designed with
vertically aligned radio buttons. For each question, there were 15 different contributors
assigned to provide answers. To simplify the questions that were difficult to distinguish,
we included a ‘Cannot see’ option. This option was crucial in reducing the likelihood
of inaccurate responses when contributors lacked confidence in their answers. Each
contributor was limited to answering up to 30 pages, with each page containing 10 image
annotation categories. In order to assess the accuracy of the responses and eliminate
false answers, test questions were designed and presented to the labellers. Additionally,
each page included a hidden test question and nine annotation tasks to ensure continuous
monitoring of the reliability of the respondents. Test questions were tried out in various
subsets to evaluate their acceptability. Accordingly, the following points were considered:

• The response rate for ‘Cannot see’ was limited to 20% for all annotations. Those
who exceeded this limit were removed from the process.

• Response distributions that deviated significantly from the average distributions
during initial trials were rejected.
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• Before participating in the task, the labellers’ accuracy levels were tested. Only
contributors with a reliable level of accuracy were allowed to perform the compar-
ison task. Failure to pass the ‘quiz mode’ on the online platform disqualified con-
tributors from participating and prevented them from being paid (Center 2019b).
To ensure fairness, we selected questions from the most obvious comparisons and
only rejected responses that were fundamentally incorrect. In short, respondents
needed to score 80% or higher in ‘quiz mode’ to proceed.

• The contributors selected were from Level 1 4, which represented the largest num-
ber of participants.

3.5.2 Annotation Response Analysis and Discussion

This study collected a sufficient number of responses from the crowdsourcing platform.
The cost of the trial used in the analysis was $4,554 and yielded 455,400 judgments
for the set of 230 subjects (920 images). Each question was answered by 15 different
labellers. Labellers were paid $0.01 USD (1 cent) for each image comparison. Figure 3.6
provides a description of the outcomes of the comparative analysis and a summary of
the distribution of annotations after comparing 230 subjects. The number of responses
using the term ‘Same’ as a description was relatively low in comparison to those using
‘More’ or ‘Less’. However, there were a high percentage of ‘Same’ labels for gender,
which could be attributed to its binary nature. Overall, it appeared that gender was
rarely straightforward for all contributors, with a growing number of responses indicating
‘significantly More Feminine/Masculine’ and almost half indicating ‘Same’. However,
it is worth noting that the annotators tended to refrain from selecting ‘Same’ when
referring to the nose tip, eyebrow thickness, and nose size. Figure 3.6 illustrates the
overall distribution of the collected labels. However, it is important to note that the
significance and informative value of the attributes may not be accurately represented
in this data. Therefore, these aspects are discussed in detail in the next chapter.

The analysis of the distribution of inferred relative measurement stability, along with
the collected annotations, demonstrates the suitability of soft biometric traits and the
effectiveness of the crowdsourcing task. Figure 3.6 provides a summary of the confidence
scores, which are the answer scores given by the contributors. These scores were gener-
ated by comparing facial profiles. The confidence score indicates the level of agreement
among different contributors and was calculated by weighting their scores. Specifically,
equation 3.1 was used to determine the confidence score for response (X) where CSX

is the confidence score, SX is the sum of the scores of all the contributors who have
responded (X) and SC is the sum of the scores of all contributors:

4The levels indicate the level of experience the contributors needed to perform the task, with Level
1 being the largest pool of contributors and Level 3 being the smallest.
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Figure 3.6: Distribution of collected comparative facial profile labels for 230 subjects.

CSX =
SX

SC
(3.1)

The response X can be categorised as ’More A/Less B’, ’Same’, or ’Less A/More B’.
Formally, we can represent X∈ Ω(A/B) as more A or less B, same, less A or more B.
The confidence score indicates the level of confidence in the results obtained through
the crowdsourcing platform. The final results were determined by selecting the answer
with the highest confidence (Center 2019a). Figure 3.7 displays the confidence scores for
the two subjects in relation to the ’average comparison of nostril size’ and shows that
the two subjects had confidence scores between 0.73 and 0.8 for this question.

Following the completion of the crowdsourced comparison task for the facial profiles,
two ranking methods were employed to enhance the ratings of the subjects’ facial profile
attributes. These rankings were based on the confidence scores. For example, a high
score for ‘nostril size’ suggested that the nostril is wide, and the majority of participants
indicated ’More wide’.

3.5.3 Inferring Additional Comparisons

Initially, each image (sample) of a subject was compared 15 times with images of two
different subjects in the same gallery for a given trait. From these comparisons, we

5The aggregated report includes one result for every row. Since multiple contributors answered each
row, the aggregated CSV aggregated contributor’s judgements based on individual contributors’ trust
ratings.
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Figure 3.7: Two examples of the confidence score output for the ’average comparison
of nostril size’ from a sample aggregated report 5.

calculated an average score ±1, 0 using a threshold. This allowed us to obtain a small
set of image pairs that could be used to determine the ranks based on the transitivity
of order relations and draws. To illustrate, let us consider three different subjects A, B,
C , and a trait intensity function t. In this case, the following relationship 3.2 holds:

If t(A) > t(B) and t(B) > t(C) then t(A) > t(C)

If t(A) = t(B) then t(B) > t(I) ∀ I s.t. t(A) > t(I)
(3.2)

Without loss of generality, we can illustrate these conditions using a specific subject A
and a comparison score of +1 (or the > relation). In our implementation, we applied
the aforementioned conditions interchangeably to both A and B and for scores of ±1.

The implementation of the second condition was straightforward. Specifically, it involved
adding new comparisons by replacing B with A for every comparison that included
B if t(A)=t(B). However, if implemented as it is, the transitivity calculations can be
time-consuming. Therefore, to achieve an efficient implementation, we modelled the
comparisons using nodes in a graph and utilised elements of graph theory to locate
comparable nodes. The main concepts behind this process are as follows:

• For a chosen trait q, an arc (A,B) with weight 1 exists only if the comparison (A,B)
with outcome +1 (or t(A)>t(B) ) exists in the set of aggregated comparisons.

• If a node M is connected to another node N, then t(M)>t(N).
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Consequently, the process reduces to constructing a graph of similar subjects based on
a comparison score of +1 and identifying connected components. The latter can be
accomplished by utilising the power properties of the adjacency matrix (Cormen et al.
2001). In our implementation, we transformed negative outcomes (-1) into positive ones
by inverting the images in the trait comparison (pairwise comparison). Subsequently, we
calculated the powers of the adjacency matrix for values ranging from 2 and the number
of subjects in the gallery. The algorithm was terminated once the resulting adjacency
matrix no longer updated. Then, we repeated the aforementioned steps, taking into
account negative results where nodes A and B were connected with a weight of 1 if there
was a comparison (A,B) with an outcome -1. Finally, we gathered the newly created
comparisons and their outcomes from the non-zero cells of the power matrix that were
initially empty in the adjacency matrix.

The following advantages are associated with the additional comparisons in the dataset:

• The approach is cost-efficient because it starts with a minimal set of comparisons.
Furthermore, analysing the power matrix can serve as an indicator of whether more
data needs to be collected. In fact, if the aggregated crowdsourcing comparison
mostly contains equalities, it will result in gaps or sparse rows in the final power
matrix. In such cases, a human agent or algorithm can visually identify a few
comparisons that could complete the data. These comparisons can be considered
the missing links between connected components.

• Connected components represent pre-ranked subjects. When all nodes belong to
the same connected component, it indicates a complete ranking for the data.

Once the comparisons have been computed, we can proceed to rank the subjects in each
gallery individually. The ranks will be stored in a matrix, where each column represents
a trait and each row corresponds to a subject, storing its ranks for all the traits in the
gallery. We consider the ranking step a feature vector with the threshold of averaged
scores that serves as a hyper-parameter that needs to be validated.

3.6 Ranking Methods

In practical situations, ranking is a crucial action that involves rating objects in rela-
tion to others based on a preset criterion and creating a corresponding order for them.
Ranking has various real-life applications, including evaluating products, ranking sports
teams (such as football teams participating in world cups) and players in games (such as
chess), retrieving documents, and rating movies. Due to the availability of large datasets
with limited resources, there is a need for automated ranking. Therefore, prioritising
ranking objects over classifying them is essential. Given a database containing pairwise
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items, the goal of ranking is to sort the items based on their relative strengths and a
given criterion of interest that can be inferred from the comparisons. For example, a
pairwise comparison between n items could be whether Person A is older than Person
B. However, in an actual database, only a subset of pairwise comparisons is possible,
while noise within the dataset remains constant. Human subjectivity in labelling is a
common source of noise in databases. Section 3.5, which describes the crowdsourcing
of comparative labels, illustrates some of these issues. The evaluation of semantic sta-
bility in our study showed discrepancies in the judgements of the annotators, and some
of the pairwise comparisons were obtained through different methods. Consequently,
the ranking algorithms selected had to address the challenges of missing comparisons
and data contamination caused by noise. More importantly, the algorithm needed to
demonstrate sufficient computational efficiency to effectively handle big data in real-time
applications.

Various machine learning approaches can be utilised to rank objects (Negahban et al.
2012; Yun et al. 2014; Fogel et al. 2014; Hunter et al. 2004; X. Chen et al. 2013; Arasu
et al. 2002; Glickman 1995; Joachims 2002; Freund et al. 2003; Fu et al. 2015; Herbrich
et al. 2006; Wauthier et al. 2013). Ranking algorithms are generally classified into
four groups: score-based ranking, learning to rank, maximum likelihood estimation and
spectral ranking (Fogel et al. 2014). As the name suggests, score-based ranking uses
existing rating systems to assign scores based on pairwise comparisons and then uses
those scores to determine the order of items. The Elo rating system (Glickman 1995) is
an example of a score-based ranking algorithm. It assumes a normal distribution of skill
levels for players and then calculates rankings based on the difference between actual
and expected game outcomes. Initially developed for ranking chess players, this system
is now employed in various applications, including soft biometrics identification (Nawaf
Y Almudhahka et al. 2016; Nawaf Yousef Almudhahka et al. 2017b; N. Almudhahka
et al. 2016; Reid, Nixon and Stevenage 2013). Another score-based ranking algorithm,
called TrueSkill (Herbrich et al. 2006), tracks changes in a player’s skill and updates their
confidence over time. Both the Elo system and TrueSkill use an unsupervised approach,
but they require parameter tuning to fit different datasets. Parameter tuning is the
process of altering the values of the parameters in a model to improve its performance,
which is important for enhancing computational efficiency. For example, the Elo system
requires tuning the score adjustment parameter K. The K-factor is a crucial value in
the calculation of chess ratings. To clarify, the maximum number of points that can be
won or lost in a single chess game is indicated by this number. Therefore, this number
also signifies the rate at which the player’s rating will either increase or drop. Moreover,
the parameter optimisation technique can be used to determine the optimal value of K
for a specific problem. Other studies, such as (Wauthier et al. 2013; Huber et al. 1963),
have also developed computationally efficient algorithms that use point differences to
rank objects using a score-based method.
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Learning algorithms for ranking are based on adopting a different approach, namely
inferring a scoring function from a training dataset and then using that function to de-
termine rates for unseen data. As a result, the first step is to infer the scoring function.
Several ranking algorithms have been developed using this approach, such as RankBoost
(Freund et al. 2003), RankSVM (Joachims 2002), and Unified Robust Learning to Rank
(URLR) (Fu et al. 2015). These algorithms are examples of supervised learning as they
use a scoring function derived from an example pairwise feature comparison. In addition
to training the rating models, learning to rank algorithms also requires parameter tuning.
For example, RankSVM has multiple parameters which need to be optimised and tuned
to address a specific problem e.g. C which is the trade-off constant between maximising
the margin and satisfying the pairwise constraints. Applying these algorithms has also
yielded positive results. For instance, RankSVM has been used in soft biometric iden-
tification to generate accurate biometric signatures (Martinho-Corbishley, Nixon et al.
2015). Furthermore, it has been used to facilitate subject identification and retrieval by
deriving relative rates from comparative clothing features (Jaha et al. 2014).

The estimation of rates using the maximum likelihood method can help to rank pairwise
comparisons. This approach closely resembles the Bradley–Terry probabilistic model
(Hunter et al. 2004). Regarding spectral approaches, linear map theory can be utilised
to analyse relationship matrices and facilitate ranking. For example, the PageRank
algorithm considers the connections between items in a graph to determine their rank
and subsequently employs a random walk to evaluate the probability of a particular
node being visited (Arasu et al. 2002). Another recently developed spectral algorithm,
SerialRank (Fogel et al. 2014), enables ranking by using similarity matrices created from
pairwise comparisons.

The literature review above illustrates the variety of methods proposed for object ranking.
It is important to highlight a key finding: the majority of these algorithms necessitate
some form of learning. Furthermore, it is clear that algorithms which require parameter
tuning have been favoured for ranking soft biometric attributes. Tuning is also utilised
in the Elo rating system (Reid, Nixon and Stevenage 2013; Reid and Nixon 2011; N.
Almudhahka et al. 2016) and RankSVM (Jaha et al. 2014; Jaha et al. 2015; Martinho-
Corbishley, Nixon et al. 2015). Moreover, during the training phase, RankSVM requires
pairwise comparisons.

3.7 Conclusions

This chapter has described the use of crowdsourcing to acquire comparative labels, and
the results of the response were presented and discussed in detail. Furthermore, we
discussed how biometric signatures can be obtained through the relative rating of attrib-
utes. Using the Appen platform, we collected a database of facial profile comparisons



Chapter 3 Comparative Facial Profile Soft Biometrics 46

from XM2VTSDB for subject comparisons. We also discussed whether additional com-
parisons could be inferred. Finally, we discussed several potential ranking algorithms
that were presented in previous studies.

In the context of human identification, the application of soft biometrics has demon-
strated that comparative attributes hold more advantages than categorical attributes.
Analysing the distribution of estimated relative measurement stability and the collected
annotations shows the suitability of soft biometric features and the effectiveness of the
crowdsourcing task. Moreover, inferring additional comparisons helps to fill in the gap
between images comparisons and allows for a more reasonable rating of the images. In
this chapter, we compared alternative ranking approaches and found that both Elo and
RankSVM performed well when rating soft biometric features. The following chapter
focuses on how facial profile comparisons can be used in biometrics.



Chapter 4

Comparative Soft Biometric for
Facial Profile Recognition

4.1 Introduction

In the preceding chapter, the methodology for ranking was discussed, wherein scores are
computed for objects or items within a dataset to denote their relative strength. This
chapter introduces two distinct score-based ranking algorithms for use in this study:
Elo and RankSVM. The process of arranging a list of subjects based on a single attrib-
ute is presumed to be optimal for facilitating successful attribute-based facial profile
comparisons for recognition purposes. Accordingly, each subject’s attributes may be
delineated through relative measures. These measures are derived from the comparison
data pertaining to each attribute. An evaluation of the performance of facial profile com-
parison methodologies can be conducted through the utilisation of RankSVM (Parikh
and Grauman 2011) and Elo (Reid, Nixon and Stevenage 2013) ranking systems.

The application of comparative soft biometrics encompasses several distinct processes
and activities. In our study, the systematic procedure commenced with the establish-
ment of a dataset facilitated by the Appen platform. Within this platform, a collection
of image pairs was provided for comparison based on a single attribute, such as a facial
profile trait. Subsequently, the pairwise comparisons were transformed into scores linked
with the respective images employing a ranking algorithm. For each image, we utilised
the set of generated ranks for each trait to build a trait vector. Each component of
the vector denoted the subject’s rank for the corresponding trait. For example, a sub-
ject characterised by a long nose pointing upwards would attain a higher score for the
trait nose tip compared to a subject with a nose pointing downwards. Ultimately, these
trait scores served as the basis for selecting the most pertinent traits and discerning
the identity of the individual depicted in the image. Given that the analysis revolved
around trait comparisons without direct engagement with the images, this recognition

47
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task may have been denoted as identity determination through verbal facial trait com-
parisons. This approach is also recognised as subject recognition employing comparative
soft biometrics (see Figure 4.1).

Figure 4.1: The subject recognition process using comparative soft biometrics.

The research presented in this study is part of a larger effort to assess whether verbal
descriptions can be used instead of or in addition to image pixels in human recognition.
This chapter summarises the research findings and discusses the potential implications
for identifying individuals using relative facial profiles and soft biometrics. Specifically,
we investigated human facial profile recognition within the XM2VTSDB database by
considering comparative facial soft biometrics and incorporating additional attributes
related to the side-view of the face. Additionally, we aimed to expand on the limited
understanding of current research on comparative facial soft biometrics across different
traits. Finally, this chapter examines the use of comparative soft biometric traits for
recognising a given facial profile.

Section 4.2 begins by outlining the experimental design and describing the distribution
of training and testing data. Sections 4.3 and 4.4 explain how the Elo and RankSVM
algorithms are used to accurately identify relative subject signatures from new comparat-
ive annotations. Subsequently, Section 4.5 examines the stability of the estimated scores
based on the chosen ranking, while also illustrating the correlations between traits and
their associated labels. Section 4.6 explores the use of the trait selection methodology
to identify a subset of traits that are proficient in classifying images based on traits
and evaluates the experimental results. Lastly, Section 4.7 provides an overview of our
findings.
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4.2 Experiment Design to Assess Facial Profile Recogni-
tion Performance

4.2.1 Dataset

Initially, crowdsourcing was used to facilitate and document the comparisons between
the images. Each comparison was attempted by 15 different labellers, resulting in a total
of 15 attempts per comparison. Additionally, our dataset was divided into four separate
folds, ensuring that images were only compared if they belonged to the same fold.

The dataset consisted of images of 230 subjects. However, only one image per subject
was used in each fold, creating four distinct folds. It is worth noting that the images for
each subject were taken at different times, resulting in variations due to factors such as
weight changes, ageing, skin condition, or facial feature obstructions caused by changes
in clothing, accessories, hairstyles, or facial hair styles. In total, a set of 33 traits was
considered. The main aim of this analysis was to reduce this set to a minimal subset of
essential traits for efficient facial profile recognition.

4.2.2 Test Set

During the test phase, we employed the leave-one-fold-out approach, wherein images
from one fold were reserved for testing purposes. The objective was to train a classifier
to become capable of predicting the identity of each test subject based on comparisons
within its designated fold, while utilising it for identification across the remaining three
training folds. We consider the following scenarios:

• All subjects within the chosen fold were regarded as suspects.

• The witnesses solely observed the suspects.

• The images of suspects in the police database may have differed from those mem-
orised by witnesses.

Subsequently, during the test stage, each test comparison (i.e., a comparison between
two test subjects) was treated as a comparison between a test subject and a training
subject. This was based on the implicit assumption that images of the same subjects
should generally exhibit consistency across the folds. This assumption can be interpreted
as positing the absence of a covariate shift (David et al. 2010), implying that the training
and test data should share a similar distribution to some extent. In scenarios where
covariate shift is present, a domain adaptation framework would be more appropriate for
evaluating facial recognition outcomes. By employing this specific setting, we reinforced
the consistency of the crowdsourcing results by aggregating final responses from each
labeller to maximise the cross-validation classification accuracy.
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4.2.3 Model Design

The algorithm commenced by consolidating the crowdsourcing outcomes into a collection
of comparisons with distinct scores. Then, a ranking technique was applied to convert
the discrete trait comparisons for a given image into a vector comprising 33 scalar trait
intensities. Following this, a classification algorithm was employed to ascertain the
identities of the faces based on the scores obtained.

As depicted in equation 4.1, for a specific trait q, let sq,i,j,l denote the comparison between
the image indexed by i and the image indexed by j concerning trait q, as evaluated by
labeller ℓ ∈ {1,…, 15}. The score is designated as -1 if the trait in image i is deemed less
intense than in image j by the labeller. Conversely, the score is assigned as +1 in the
opposite scenario and 0 if the trait intensity appears identical in both images.

The aggregated result sq,i,j is defined as a discretised average E of all labellers’ responses:

∀ θ ∈ ]0, 1[, sq,i,j =

∓
(
Eℓ

[
sq,i,j,ℓ

]
if
∣∣Eℓ

[
sq,i,j,ℓ

]∣∣ ≥ θ

0 otherwise
(4.1)

In essence, the sign of the average response is considered if its magnitude surpasses
a certain threshold (either less than −θ or greater than θ); otherwise, the result is
deemed as 0. This formulation closely resembles a majority vote, where the final response
corresponds to the label chosen by the largest number of labellers. In fact, the average of
all of the responses tends to converge towards the dominant label if one exists. However,
in cases where no majority label is apparent, relying solely on a majority vote can
lead to considerable instability and ambiguity, especially if all of the labels receive an
equal number of votes. In such instances, the average response tends to hover around
0, indicating a more balanced distribution of crowdsourcing outcomes compared to a
majority vote. Table 4.1 provides an illustrative example demonstrating the advantage
of using the average response over the majority approach.

Number of votes for: Majority label Average response+1 0 -1
5 5 5 None 0
7 1 8 -1 -0.06

Table 4.1: Example of majority label and average response.

In the ranking phase, we employed Elo and RankSVM as two rating schemes. Detailed
explanations of these methods are provided in the following sections. Subsequently, the
KNearest Neighbour (KNN) recognition method was used to identify the query image.
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Our algorithm’s hyper-parameters encompassed the threshold, Elo and RankSVM para-
meters, as well as the KNN parameters. Testing was conducted using a leave-one-fold-out
setting, with three-fold cross-validation employed to determine the optimal parameters.
For the descriptive analysis, which involved correlations, statistics, etc., a threshold was
selected and used to generate ranks for all of the folds. The threshold selection process
was based on the test results obtained in the predictive analysis, similar to considering
the test sets during validation or performing a four-fold cross-validation (see Figure 4.2).
However, it is important to note that the descriptive analysis was solely comprehensive
and did not influence the selection of relevant traits.

Figure 4.2: High-level overview of the model selection process.

4.2.4 K-fold Cross Validation

To assess the classification performance of the comparison model, a single fold was desig-
nated for testing. It was observed that some folds pose greater classification challenges
than others. Therefore, the selection of the test fold was varied, and the performance
metrics were averaged across folds, accompanied by a confidence interval delineated by
the minimum and maximum values. Notably, as the hyper-parameters were not optim-
ised through the learning algorithm, one training fold (from the remaining three folds)
served as a validation set. This validation set was employed to evaluate the model’s
performance across a given set of hyper-parameters.

The hyper-parameter yielding the optimal metrics was subsequently selected and applied
to the three remaining training folds during the final training session. An iterative
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procedure was employed across all validation set options to determine the best hyper-
parameters, taking into account the averaged performance metrics and considering the
potential variations in validation metrics. This methodology can be likened to a k-
fold cross-validation, where each fold represents a distinct validation set. Figure 4.3
illustrates the cross-validation settings.

The cross-validation approach offers several advantages:

• It mirrors the testing conditions, wherein one fold is reserved as a test fold.

• It guarantees the inclusion of all subjects in both the training and validation sets.

• It ensures that validation subjects are not juxtaposed against training subjects
during the evaluation process.

Figure 4.3: Cross-validation process.

4.3 Ranking Using Elo

4.3.1 Algorithm Formulation

The Elo rating system, widely utilised in ranking chess players, operates by assessing
the disparities between actual game outcomes and the anticipated results. This system
can be adapted to compare traits within a soft biometric context, akin to its application
in evaluating the skills of chess players. By leveraging the Elo system, subjects can be
ranked based on soft biometric traits such as nose size or eyebrow shape. Almudhahka
et al. utilised the Elo system to assess the relative rankings between traits derived
from biometric signatures and comparative labels (Nawaf Yousef Almudhahka et al.
2017b). Analogous to a chess match, a comparison inputted into the Elo rating system is
employed to adjust the intensity of traits for Subject A and Subject B. The comparative
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formula used in the system is as follows:

RA = RA +K(SA − EA) (4.2)

RB = RB +K(SB − EB) (4.3)

where RA and RB represent the new ratings, while RA and RB denote the previous
ratings before considering the comparison. SA and SB correspond to the comparison
scores (-1 for lesser, 0 for identical, and 1 for greater), and K is a parameter determined
by the user. Specifically, the parameter K governs the rating’s susceptibility to updates,
with its value influencing the magnitude of rating adjustments. To determine the optimal
value for K, the cross-validation technique is employed. The current ratings of subjects,
denoted as EA and EB, are computed using the following equations:

EA =
1

QA
(4.4)

EB =
1

QB
(4.5)

In Equations 4.4 and 4.5, QA and QB signify the current ratings of the subjects. The
inclusion of a constant U in the formulas 4.6 and 4.7 illustrates how the current ratings
of the subjects can influence the outcomes.

QA = 1 + 10
RA−RB

U (4.6)

QB = 1 + 10
RB−RA

U (4.7)

In this study, the Elo rating system was utilised for comparisons between labels gathered
from the sample dataset. Thus, q represented a trait, tElo

q denoted a function mapping an
image to its Elo score for the trait q, and sq signified a function comparing two images and
generating a verbal trait comparison. From the expressions of Elo ranking steps, given
a choice of K, and for images A and B such that sq(A,B) = 1 but tElo

q,old(A) ≪ tElo
q,old(B),

the new score would adjust the ranks of tElo
q (A) and tElo

q (B) closer to each other without
altering their order, as if the score sq(A,B) were not considered. To maintain consistency,
the ranks were continually updated using the same comparisons until new scores were
obtained that aligned with them. Furthermore, if sq(A,B) = 0 but tElo

q,old(A) ̸= tElo
q,old(B),

the ranks were adjusted to converge towards a middle value without becoming equal.
The updated rule counteracted the effects of previously considered comparisons. Thus,
the equalities in trait comparisons were transformed into inequalities by leveraging the
set of comparisons of both A and B. Additional details regarding this method can be
found in Section 3.5.3.
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4.4 Ranking Using RankSVM

4.4.1 Algorithm Formulation

This section introduces the RankSVM algorithm for inferring relative attributes. Al-
though RankSVM is primarily employed to rank web pages (Joachims 2002), it can also
be used independently to rank pairwise comparisons. For each trait q, the algorithm
learns a function rq that takes a feature vector and predicts a scalar rank that, ideally,
preserves the outcomes of the comparisons (wins, draws, and losses). In essence, the
ranking function is optimised to maintain the inherent order of the samples, as repres-
ented by the aggregated comparisons.

The comparison trait is computed as the difference between the features6 of the samples
under comparison, with the label representing the outcome of the comparison (-1,0,1).
An initial model h is trained to predict the comparison outcomes and is subsequently
used to infer the ranking function rq.

Mathematically, the objective is to achieve the following relationship:

∀ (x1, x2) ∈ X2, h(x1 − x2) > 0 ⇔ rq(x1) > rq(x2) (4.8)

A linear model (without a bias term) is a common choice for h, as its linearity ensures
that h(x1 − x2) = h(x1)− h(x2), thus automatically preserving the order. Additionally,
h can serve as the ranking function. The function rq is represented as follows:

∀x ∈ X, rq(x) = wT
q x (4.9)

In this context, the rank must be inferred solely from verbal descriptions. This implies
that the aim is to translate the comparison outcomes for a given query into scores for
each image without relying on image pixels. These scores are then used to rank sub-
jects. Consequently, each image is individually represented using a hypothetical feature
space. Assuming n denotes the number of compared images, in our representation, each
image’s feature is a one-hot vector xi ∈ {0, 1}n, where only the i component equals 1.
This assumes that each image in the dataset is unique concerning the considered trait.
Figure 4.4 illustrates the generation of the hypothetical features of one-hot images.

The method outlined in (Martinho-Corbishley 2018) was used to ascertain the rank of
each image. The study employed the widely adopted soft-margin RankSVM, originally

6A feature should refer to a visual characteristic. As image pixels are not taken into consideration in
these experiments, an imaginary ideal feature space is utilised. Specifically, a one-hot encoding of the
labels is used. A one-hot encoding is a set of bits where the only valid combinations of values consist of
a single high (1) bit and all the others low (0) (Harris et al. 2015). With one-hot encoding, we convert
each categorical value into a new categorical column and assign a binary value of 1 or 0 to these columns.
Each integer value is represented as a binary vector, where all the values are 0 except for the index
marked with a 1. One-hot encoding is a representation of categorical variables as binary vectors.
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Figure 4.4: Representation of images using a hypothetical feature space.

devised by Joachims (2002), with a subsequent extension by Parikh, Kovashka et al.
(2012) to accommodate similarity constraints. This augmentation introduced the simil-
arity constraint to ensure that comparisons yielding the same outcome resulted in images
possessing ranks that were sufficiently proximate. However, upon implementing the al-
gorithm, it was observed that the similarity constraint often led to identical rankings for
similar images, which may not have accurately reflected their comparative distinctions
between them and other images.

Populating the dataset with equalities obviates the necessity for a similarity constraint,
as images sharing similar traits naturally yield identical comparison outcomes when
juxtaposed against other images. Additionally, it is observed that C ̸= 0 is sufficient
to retrieve comparison outcomes accurately within the range of {1,−1} without error.
Optimal selection of the C value entails minimising the sum of absolute differences among
ranks of images possessing comparable trait salience. Stated differently, it is desirable
to determine a C value that inherently brings the ranks of similar images closer together
than any alternative option (see Figure 4.5).

Figure 4.5: RankSVM pipeline with C validation using the subset of similar images.
Note that the similarity constraint is implicitly implemented by transferring non-zero

comparisons to images involved in zero comparisons.
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4.5 Attribute Significance

4.5.1 Attribute Correlations

Correlation analysis served as a method to unveil the similarities between attributes and
to detect linear dependencies among them. By analysing the correlation matrix across
various attributes, associations were determined, and the strength of features based on
one another could be predicted. Thus, this approach facilitated the development of
a descriptive correlation between feature values. In this study, Pearson’s correlation
coefficient (r) was computed for all the pairs of attributes listed in Table 3.1 to identify
dependencies among the 33 facial profile attributes.

4.5.1.1 Pearson’s Correlation Coefficient

Pearson’s correlation coefficient r was employed to measure linear relationships between
attributes, facilitating the identification of dependencies between variables X and Y, as
expressed by the following equation (Tome, Vera-Rodriguez et al. 2015; Gonzalez-Sosa
et al. 2018):

r =
σXY

σXσY
=

∑n
i=1(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2
√∑n

i=1(yi − ȳ)2
(4.10)

The variables X and Y represent independent variables describing traits from a facial
profile. xi and yi denote two distinct labels, each representing the ith annotation of a
given subject. The computation of r involves the division of covariance between X and
Y, denoted by σXY , by the product of the standard deviations of the two variables.

The resultant r value lies within the range of +1 and –1, with 0 indicating no linear
correlation. A value approaching +1 signifies a positive linear correlation between labels,
while a value approaching –1 indicates a negative linear correlation between labels.

Our experimental findings suggest a low correlation among the traits, implying that
the attributes utilised in this study were predominantly independent. As illustrated in
Figure 4.6, the dark brown shading in the cells signifies traits with a high positive correl-
ation, while dark blue represents a strong negative correlation, and grey/white indicates
the absence of any linear correlation. Similar correlations were observed between the
RankSVM and Elo ranking systems, as illustrated in the figure. The matrix revealed sig-
nificant correlations among several traits, particularly those associated with width and
size, such as face profile length, face profile width, double chin, chin height, and cheek
size. Furthermore, it indicated a positive correlation between nose size and nostril size.
Notably, there was a correlation between ear size and age, aligning with the findings
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Figure 4.6: Correlation matrix for facial profile attributes.

of earlier research (Tan et al. 1997). However, neck thickness and length exhibited a
negative correlation.

Positive correlations between traits and labels indicate similarities, while negative correl-
ations illustrate differences or uniqueness. This analysis and exploration of correlations
among traits has enriched our understanding of each trait’s contribution to recognition
and identification. A substantial correlation between two traits suggests that the values
of one trait may be accurately predicted using a linear function of the values of the
other.

4.5.2 Attribute Contribution to Facial Profile Recognition

Enhancing the efficiency and accuracy of recognition necessitates reducing the number
of non-useful traits. The trait selection method can be leveraged to identify the most
promising traits that will yield the highest profile recognition accuracy. In this study,
mutual information (MI) was used to determine the optimal subset of traits. (B. Guo
et al. 2008).

4.5.2.1 Mutual Information Measure

The identification of an attribute’s importance provides a solid understanding of its
efficacy as a semantic descriptor and its contribution to effective identification and re-
cognition. In this subsection, MI measurement was used to evaluate the significance
of facial profile attributes. MI treats each trait as a random variable. For a trait X,
let p(x) denote p(X = x), representing the probability of the occurrence of the value
x. MI quantifies the overlap between the probability distributions of X and Y . The
maximum MI value indicates identical probability distributions of X and Y , implying
a unique permutation mapping of the values of X to Y . Conversely, a minimum MI
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value, typically 0, suggests complete independence between the random variables. Form-
ally, this independence is expressed as the logarithmic term yielding 0, which implies
p(x, y) = p(x)p(y), signifying independence between the variables X and Y . MI is
computed using the formula 4.11:

MI = I(X;Y ) =
∑
y∈Y

∑
x∈X

p(x, y) ln
(

p(x, y)

p(x)p(y)

)
(4.11)

where X denotes a variable representing an attribute, and Y is an attribute representing
a label. The computation of MI for two traits involves p(x, y), the probability density
function for X and Y , with P (x) and P (y) being marginal probability density functions.
The association of MI using Shannon entropy is expressed as:

I(X;Y ) = H(X)−H(X|Y ) = H(Y )−H(Y |X) = H(X) +H(Y )−H(X,Y ) (4.12)

where H(X) (equation 4.13) and H(Y ) (equation 4.14) denote the entropy of X and Y ,
respectively. H(X|Y ), as illustrated in equation 4.15, is the conditional entropy of X

given Y , and H(Y |X), as shown in equation 4.16, is the conditional entropy of Y given
X. Moreover, equation 4.17 represents the joint entropy H(X,Y ) of X and Y . The
discrete Shannon entropy is thus defined as:

H(X) = −
∑
x∈X

p(x) ln p(x) (4.13)

H(Y ) = −
∑
y∈Y

p(y) ln p(y) (4.14)

The joint and conditional entropies can be described as follows:

H(X|Y ) = −
∑
x∈X

∑
y∈Y

p(x|y) ln p(x|y) (4.15)

H(Y |X) = −
∑
y∈Y

∑
x∈X

p(y|x) ln p(y|x) (4.16)

H(X,Y ) = −
∑
x∈X

∑
y∈Y

p(x, y) ln p(x, y) (4.17)

where p(x|y) represents the conditional probability of X = x given Y = y.

In this context, X represents an attribute’s rank (observation), Y represents the subject’s
identity (or the label), H(Y ) indicates the uncertainty about Y , and H(Y |X) represents
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(a) Elo (b) RankSVM

Figure 4.7: Normalised mutual information for each of the 33 attributes with the
target variable (label).

the uncertainty remaining after knowledge of observation X. Consequently, I(X,Y )

measures the amount of information about Y that can be obtained from the measurement
of X. MI is used to assess the discriminative power of each facial profile attribute by
jointly computing its value with the label. Figure 4.7 displays the normalised entropy
and MI associated with each attribute. In this study, equation 4.12 was employed to
compute the MI. Subsequently, each of the 33 attributes was normalised using Equation
4.18. Normalised mutual information (NMI) is a method used to normalise the MI
score to adjust the results on a scale from 0 (indicating no MI) to 1 (representing perfect
correlation). There existed a slight difference between the two ranking methods in terms
of the MI results.

NMI(X,Y ) =
2I(X,Y )

H(X) +H(Y )
(4.18)

Figure 4.7 illustrates a general tendency towards agreement in assigning high scores
between both rating systems. The MI suggested that nose size and nostril size were of
higher significance compared to attributes such as ear-chin distance, ear-head ratio, and
neck thickness, which exhibited lower MI scores.

Based on the Elo rating system, the MI analysis also indicated that gender possessed
the highest discriminative power, while attributes like ear-head ratio and ear-chin dis-
tance exhibited the lowest discriminative power, as shown in Table 4.2. Surprisingly, the
RankSVM approach indicated that general attributes such as age have more discriminat-
ive power compared to proportion attributes such as ear-head ratio, which display lower
discriminative strength.
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Table 4.2: Mutual information analysis of soft facial profile traits using the 33 other
attributes.

Attribute
MI

I(X,Y)
Elo RankSVM

A1 Eyebrow length 0.8976 0.9179
A2 Eyebrow shape 0.9070 0.9191
A3 Eyebrow thickness 0.9306 0.9467
A4 Spectacles 0.9645 0.9470
A5 Eye-eyebrow distance 0.8981 0.9140
A6 Eyelash length 0.9053 0.9284
A7 Eye size 0.9227 0.9397
A8 Nose-mouth distance 0.9051 0.9239
A9 Nostril size 0.9950 0.9910
A10 Nose tip 0.9134 0.9388
A11 Nose size 0.9732 0.9948
A12 Lips thickness 0.9138 0.9442
A13 Face profile length 0.9159 0.9538
A14 Face profile width 0.9355 0.9524
A15 Skin smoothness 0.9401 0.9838
A16 Skin condition 0.9452 0.9624
A17 Forehead hair 0.9202 0.9950
A18 Ear size 0.9119 0.9215
A19 Ear orientation w.r.t. head 0.9202 0.9410
A20 Ear-head ratio 0.8964 0.9037
A21 Ear-chin distance 0.8849 0.9060
A22 Ear-nose distance 0.9067 0.9353
A23 Cheek shape 0.9388 0.9478
A24 Cheek size 0.9228 0.9410
A25 Chin & jaw shape 0.9320 0.9398
A26 Double chin 0.9271 0.9452
A27 Chin height 0.9140 0.9305
A28 Neck length 0.9200 0.9241
A29 Neck thickness 0.8965 0.9038
A30 Age 0.9388 1
A31 Gender 1 0.9763
A32 Skin colour 0.9009 0.9152
A33 Figure (shape) 0.9083 0.9223

4.6 Performance Evaluation of Facial Profiles

4.6.1 Recognition Rate Measurement

Once cross-validation is employed for tuning, as described in Section 4.2.4, it can no
longer reliably be used to assess how well the method performs on out-of-sample data.
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Therefore, we used the hold-out/test set for this purpose. Each fold from the original
dataset served once as a test set, resulting in four performance measures.

For each test set, the validation sets were used to optimise the threshold, select the most
relevant traits for classification using the sequential floating forward selection (SFFS)
algorithm, and determine the classifier’s parameters. The validation approach outlined
in Figure 4.8 was applied to the ranking algorithm. The goal was to minimise the
mean absolute error (MAE) of the validation on the validation set, which contained
no labels, while maximising the accuracy on the ordered training subset. The ranking
was optimised to provide the best translation of crowdsourcing comparisons into scalar
ranks, rather than enabling better classification.

The process for measuring the recognition rate, as depicted in Figure 4.8, encompassed
the following steps:

• The model was trained using three folds, each containing 230 subjects.

• The model with parameters yielding the best average accuracy across all validation
folds was selected.

• The chosen model was refined using the parameters from the three folds, and
testing was conducted on the test data contained within the fourth fold (the hold-
out fold).

Figure 4.8: Efficient training and collection of performance metrics.

The ranking procedure is a time-consuming phase and we found that splitting the data
into training and test sets after computing the rankings was more efficient than doing
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so as an initial step. For each threshold option, we reported both validation and testing
metrics, selecting the optimal threshold for each test set based on the corresponding
validation metrics. Finally, we collected the results for each test set, which include
ranked data, the selected threshold, attributes, and the classification algorithm used.

The sequential forward floating selection (SFFS) method was used to identify the subset
of traits that optimised the classification accuracy in the validation. This technique
iteratively updated the selected set of traits by adding or removing traits to achieve
maximum accuracy. More explanation of this method can be found in Subsection 4.6.1.1.

When assessing performance within biometric systems, two primary metrics are used: the
receiver operating characteristic (ROC) curve, which evaluates verification performance,
and the cumulative match characteristic (CMC) curve, which assesses identification per-
formance (DeCann et al. 2013). Additionally, performance evaluation can involve quan-
tifying differences among multiple observations of an individual (intra-class variations)
and variations between subjects (inter-class variance). The term ”distinctiveness” com-
monly refers to the effectiveness of a biometric system. For example, low intra-class
variations indicate permanence and repeatability, while high inter-class variations indic-
ate biometric traits that facilitate successful differentiation between individuals (Reid,
Samangooei et al. 2013). The following sections outline the methodology for measuring
performance within each of these assessment tools.

4.6.1.1 The Sequential Floating Forward Selection Algorithm

This section explains how SFFS is used to determine the best set of attributes for achiev-
ing the highest classification accuracy. Unlike feature importance-based methods, which
evaluate the discriminative power of each feature independently, the SFFS algorithm se-
lects features as a cohesive group of complementary attributes (Yoshida 2010; Shirbani
et al. 2013). Although these attributes may have low individual dependency on the
target (measured using metrics such as MI or correlation), their combined integration
often results in significantly improved predictive effectiveness.

The subset selection method works as a bottom-up search technique, starting with an
empty set of features and then determining the optimal features to include or exclude to
improve the performance metric or objective function. Each iteration of this process im-
proves the soft biometric verification system by adjusting the set of traits used, as shown
in Figure 4.9 (Yoshida 2010). The SFFS procedure begins with an empty set (d = 0). In
each iteration, it aims to identify the most advantageous attribute to include in order to
improve the performance metric. Simultaneously, within the same iteration, it attempts
to eliminate another attribute that was selected in previous iterations to further enhance
the metric. This iterative process continues until no further improvement can be made
by adding or removing an attribute. At this point, the algorithm concludes and outputs
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the final selected set of attributes as the optimal configuration for optimising the metric.
The SFFS analysis provides valuable insights into the importance of facial profile traits

Figure 4.9: Flowchart illustrating the procedural steps of the sequential floating
forward selection algorithm (Yoshida 2010).

in human face recognition. In Table 4.3, we present the optimal combination of traits for
each ranking method separately, resulting in the highest rates. SFFS identified nearly
20 attributes (d = 20) out of the 33 traits, which are considered crucial for enhancing ac-
curacy and reliability, with peak accuracies of 74% for Elo and 77% for RankSVM. It is
worth noting that the SFFS algorithm excluded traits such as ear size, ear-nose distance,
neck length, and neck thickness. This exclusion may have been due to the concealment
of these traits within our dataset, possibly because of factors like hair or other objects
such as earrings. As shown in Table 4.3, Elo and RankSVM exhibited similarities in
terms of the most significant traits, although they differed in their respective hierarchy
of importance. Table 4.4 provides a summary of the recognition results.

4.6.2 Inter and Intra-Class Variations

Biometric recognition performance can be assessed using similarity measurement func-
tions. For example, the sum of absolute differences (norm 1) was employed to compare
biometric trait vectors and construct a distance matrix. This selection was informed by
cross-validation loops aimed at optimising the choice of KNN distance. The distance is
defined by the following equation:

dE(X,Y ) =
∑
f∈t

∣∣∣x(f)− y(f)
∣∣∣ (4.19)

where dE(X,Y ) represents the distance between X and Y, X denotes the trait t vector
of the subject in the probe, and Y is the trait t vector of the subject in the gallery.
Both the distance calculated using all of the traits and that calculated using the union
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Table 4.3: List of best comparative soft biometric facial profile traits inferred using
sequential floating forward selection for Elo and RankSVM.

Ordering SFFS Attribute
Elo RankSVM

1 Gender Forehead hair
2 Chin height Nose size
3 Age Age
4 Nostril size Gender
5 Nose size Nostril size
6 Lips thickness Lips thickness
7 Spectacles Spectacles
8 Figure (shape) Double chin
9 Forehead hair Figure (shape)
10 Double chin Face profile width
11 Skin condition Nose tip
12 Eyebrow thickness Chin height
13 Face profile width Cheek size
14 Skin colour Skin condition
15 Cheek shape Philtrum size
16 Nose tip Cheek shape
17 Chin & jaw shape Eyebrow thickness
18 Eyebrow length Chin & jaw shape
19 Cheek size Face profile length
20 Philtrum size Eye–eyebrow distance

Table 4.4: Summary of recognition performance results for Elo and RankSVM.

Elo
Test Set Trait Selection Number of Traits Test Accuracy Threshold
fold1 SFFS Traits 20 0.74 0.256
fold2 SFFS Traits 17 0.69 0.264
fold3 SFFS Traits 15 0.70 0.256
fold4 SFFS Traits 22 0.73 0.256
fold1 All Traits 33 0.59 0.224
fold2 All Traits 33 0.61 0.212
fold3 All Traits 33 0.71 0.218
fold4 All Traits 33 0.58 0.229

RankSVM
Test Set Trait Selection Number of Traits Test Accuracy Threshold
fold1 SFFS Traits 20 0.72 0.233
fold2 SFFS Traits 22 0.76 0.264
fold3 SFFS Traits 20 0.77 0.264
fold4 SFFS Traits 21 0.70 0.256
fold1 All Traits 33 0.59 0.224
fold2 All Traits 33 0.61 0.212
fold3 All Traits 33 0.71 0.218
fold4 All Traits 33 0.58 0.229
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Figure 4.10: Inter and intra-class variations with all and sequential floating forward
selection traits using absolute differences (norm 1).

of selected SFFS traits t were applied across all test sets. Figure 4.10 illustrates the
overlap between inter-class and intra-class results.

When samples of the same class are clustered outside the overlap region, effective dis-
tance selection in the k-neighbour search can lead to complete or optimal separation
of the classes. In our study, the choice of search radius was closely related to the se-
lection of k-neighbours in the KNN algorithm, with the latter being optimised in the
cross-validation loop.

4.6.3 Receiver Operating Characteristics and Detection Error trade-
off

The ROC serves as an indicator of binary classification performance. The output of the
evaluated classifier typically ranges from ±1, and hence is termed as either positive or
negative. These predictions can be true or false, delineated as follows:

• A true positive (TP) occurs when the classifier accurately predicts +1.

• A false positive (FP) arises when the classifier mistakenly predicts +1.
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• A true negative (TN) manifests when the classifier accurately predicts –1.

• A false negative (FN) occurs when the classifier mistakenly predicts –1.

Initially, the predictions are scalar scores, which can be interpreted as probabilities
for the positive labels (e.g., logistic regression) or as confidence scores (e.g., leaves of
a decision tree, random forests, etc.). Binary classification is achieved by applying
a threshold to the scalar prediction. By varying the threshold, one can adjust the
algorithm to optimise precision, recall, or strike a trade-off. The ROC curve illustrates
the variation of the true positive rate against the false positive rate. Each point on the
curve corresponds to a specific choice of threshold.

In this study, which involved 230 classes, the classification task could be thought of as
230 binary classifications, where the classifier aims to answer the question: ‘Does this
subject belong to this class?’ However, plotting 230 ROC curves at once would make the
figure unreadable. Therefore, a multi-label classification approach was used, allowing
the classifier to predict multiple positive classes for a subject. To generate ROC data
points, a 230 × 230 binary matrix was created by applying a threshold to predicted
test scores. This matrix was then compared to the true binary labels, which was also a
matrix of the same size but with only one positive label per row.

Since each test set had optimal traits, a threshold, a trained ranking algorithm, and a
classifier associated with it, a multilabel scalar prediction was generated for each test set.
These predictions were combined across all four matrices, resulting in a scalar matrix
of size 920 × 230. Subsequently, this matrix was transformed into a vector, which was
compared to the true labels using all possible thresholds to plot the ROC curve (see
Figure 4.11).

The ROC curves show consistent variations across different scenarios. The feature selec-
tion algorithm significantly improved both ranking algorithms, resulting in an increase
in the area under the curve (AUC) for both methods. In particular, the highest AUC
value achieved was 0.994 when using Elo with SFFS selection.

The detection error trade-off (DET) curve was employed for assessing system perform-
ance and illustrating the trade-off between the false positive rate (FPR) and false negat-
ive rate (FNR). The feature selection method improved the performance of both ranking
algorithms, as shown in Figure 4.12. As a result, both techniques experienced a decrease
in the equal error rate (EER) on the DET curve. In this case, the RankSVM algorithm
with SFFS selection produced the lowest EER value of 0.046.

4.6.4 Cumulative Match Characteristic

A CMC curve is a tool used to assess the retrieval performance (DeCann et al. 2013).
This metric measures recognition accuracy by employing the KNN method with the
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(a) Elo (b) RankSVM

Figure 4.11: Example receiver operating characteristic curves.

(a) Elo (b) RankSVM

Figure 4.12: Examples of detection error trade-off.

SFFS. In our study, it evaluated the presence of correct subjects among k = 1 to 920
(representing all samples in the dataset). Figure 4.13 shows the recognition performance
for facial profile traits using soft facial traits. In this curve, the first candidate achieved
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72% accuracy when using Elo and 74% accuracy for RankSVM. This level of accuracy
increased as the number of candidates progressed, almost reaching 100% at rank-115 for
both ranking systems. The reported CMC results were averages. For each test dataset,
the algorithm was trained using the remaining three folds. In each iteration, the best
threshold, the set of SFFS traits, the optimal number of neighbours (k), and the best
distance (p) were determined. This process was conducted for the four test datasets
with equally divided validation–test splits. In every experiment, probe subjects were
identified by first recognising semantic labels from a sample image and then conducting
semantic retrieval against a fold of known descriptions.
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Figure 4.13: Recognition via cumulative match characteristic performance for the
sequential floating forward selection attributes.

4.6.5 Threshold Impacts on Recognition Performance

As detailed in Section 3.5.3, the computation of ratings using both Elo and RankSVM
involved adjusting a threshold to determine the sensitivity of the ranking scores to
each majority vote. This threshold was not assigned to a default value and needed
to be selected to maximise the recognition rate. Subsequently, the mean recognition
performance was computed with different threshold values, as shown in Figure 4.14. The
impact of the selected threshold on recognition performance was significant, indicating
that test accuracy varies based on the chosen threshold. For example, the accuracy
of the Elo ranking improved to 72% when the threshold value was adjusted from 0.15
to 0.24, as demonstrated in Figure 4.14. We depicted the ranges of threshold values
representing the highest possible test accuracy.

When producing aggregated comparisons, the initial step involves averaging the out-
comes of each comparison, followed by discretising the results into the set -1,0,+1 using
a threshold θ ∈ [0, 1]. Furthermore, the discretisation process entails using a threshold
below which result magnitudes deem a comparison a draw. Specifically, if the absolute
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Figure 4.14: Effect of threshold value on recognition performance.

value of the average outcome for a given comparison is less than the threshold, the com-
parison outcome is replaced by zero. Conversely, if the average outcome’s absolute value
exceeds the threshold, it is considered of sufficient magnitude to be replaced by its sign.

Two trivial cases can be distinguished: when θ = 0 and θ = 1. In the first case, taking the
sign of the average outcome serves as the final aggregated comparison outcome, resulting
in non-zero discretised outcomes. Conversely, in the second case, all comparisons are
replaced by 0 since each averaged comparison outcome has an absolute value lower than
1. This leads to all subjects having the same rank for every trait.

For a given query q, the comparison data C can be divided into two sets

• The set of similar (unordered) subjects Sq, defined by comparisons with an outcome
of 0 (representing pairs of images exhibiting equally intense traits).

• The set of ordered subjects Oq, defined by comparisons with a positive outcome7.

When θ = 0, the ordered set contains all comparisons (Sq = ϕ). By varying the threshold
from 0 to 1, comparisons associated with low-magnitude averaged outcomes are trans-
ferred from the ordered set to the unordered set until the ordered set becomes empty
(Oq = ϕ). By selecting the optimal threshold, the algorithm strikes a balance between
the size of Sq and the size of Oq.

The discretisation of averaged comparison outcomes can also serve as a method to stabil-
ise shared comparisons between the folds. In this study, some image pairs had averaged
outcomes with small magnitudes across all folds but with varying signs. One instance
of these fluctuating results occurred when labellers used the terms ’Less’ and ’More’ to
indicate ’Slightly Less’ and ’slightly More’, resulting in an almost uniform distribution
of non-zero answers. These fluctuating outcomes could have been replaced by the ’Same’

7Negative outcomes can be converted to positive ones by swapping the two images in the pairwise
comparison.
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Table 4.5: Example of averaged comparison outcomes.

Image1 Image2 Trait Number
of +1
Answers

Number
of 0
Answers

Number
of -1
Answers

Averaged
Outcome

Fold
in the
Gallery

A B Age 5 5 5 0.0 1
A B Age 2 13 0 0.13 2
A B Age 6 2 7 -0.06 3
A B Age 7 0 8 -0.06 4

answer, or a null outcome, by selecting a sufficiently high value for θ. An example of
such a case is presented in Table 4.5.

In the example (Table 4.5), when θ = 0.14 was set, the comparison between the ages
of Subjects A and B yielded the ’Same’ outcome for all folds. The thresholding effect
could be viewed as noise cancellation, where small fluctuating averaged outcomes were
interpreted as a noisy manifestation of the ’Same’ response. This is because the selection
of a threshold corresponds to a trade-off between stabilising outcomes and considering
their signs.

The curves depicting the effect of the threshold on the test accuracy illustrate this
trade-off. Smaller values of θ generally lead to increasing accuracy, indicating effective
cancellation of noisy outcomes. Conversely, higher values are associated with decreasing
accuracy, suggesting that relevant comparison averages are erroneously regarded as noisy
and replaced by 0. The intermediate values of θ where the accuracy remains constant
correspond to the trade-off point.

Two simple conditions are employed to discard irrelevant thresholds and to facilitate
early stopping of the validation process:

1. When the feature selection method yields a single trait with high variance in
validation accuracy.

2. When ranks are identical for all subjects relative to one or more traits and cannot
be normalised from 0 to 1.

The conditions mentioned above led to validation curves halting at 0.33 for Elo and
0.69 for RankSVM. However, given the accuracy variations related to threshold values,
employing the early stopping method could have aided in selecting the optimal threshold
without the need for exhaustively examining all of the possible thresholds. The early
stopping procedure involves evaluating the thresholds in ascending order, storing the
threshold associated with the best validation accuracy, and periodically verifying (e.g.,
for each of the 10 tested thresholds) if the accuracy increased, or equivalently, if the
optimal threshold has changed its value. If there is no improvement after a certain
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number of verifications, the algorithm terminates and returns the best threshold. Sub-
sequently, the validation of the remaining parameters is conducted. In future, we will
use the explained early stopping approach to accelerate the validation process in future
experiments.

4.7 Conclusions

This chapter explored the use of comparative facial profile soft biometrics in human
recognition. The findings have contributed to our understanding of the relative facial
attributes and their usefulness in human recognition. Consequently, a new set of com-
parative facial profile soft biometrics has been proposed, focusing on traits selected by
SFFS for their significant role in facial recognition. Additionally, this chapter explained
the generation of relative ratings for biometric signatures. The attribute analysis demon-
strated the statistical significance of comparative facial profile soft biometrics, allowing
for the ranking of attributes based on semantic stability and discriminative strength.
The experiments conducted also provide insights into the effects of label compression
and the challenges associated with tuning parameters in rating systems, with the goal of
improving recognition accuracy. Overall, the research emphasises the potential for rank-
ing soft biometrics in larger datasets and achieving high levels of recognition accuracy.
The findings also emphasise the feasibility of using a threshold for rating soft biometrics
in larger datasets, providing further evidence of the effectiveness of information theory
in machine learning and ranking contexts.

The correlation analysis of trait comparisons has revealed substantial correlations among
numerous traits, particularly those associated with width and size, such as cheek size
and chin height. Furthermore, findings from the MI measurement showed that nose
size and nostril size were of higher significance compared to attributes such as ear-chin
distance, and neck thickness, which received lower scores in both ranking methods. In
addition to the statistical findings presented in this chapter, we have also demonstrated
that out of the 33 traits, SFFS found about 20 traits that are important for improving
accuracy and reliability. Lastly, it was found that Elo and RankSVM have the highest
accuracy rates, at 74% and 77%, respectively.



Chapter 5

Automatic Biometric Signatures

5.1 Introduction

The preceding chapter focussed on using comparative semantic facial profile attributes
for recognition within a semantic space. This involves using a semantic probe within
a semantic database. The findings discussed in Chapter 4 demonstrate the efficiency
of using comparative facial profile soft biometrics for subject recognition. Previous
chapters have explored the task of recognising individuals within soft biometric databases
derived from verbal descriptions, such as crowdsourced comparisons. However, in the
field of criminal investigations, identification requires querying databases that include
various modalities, such as mugshots or surveillance footage (Davis et al. 2015). These
databases play a crucial role in linking verbal descriptions provided by eyewitnesses with
an unknown suspect. Therefore, there is a need for a framework that can autonomously
generate biometric signatures from facial profile images in order to establish a new visual
space that bridges the semantic gap between machines and humans in terms of facial
profile attributes.

The aims of the chapter are: (1) establishing an association between the traditional facial
profile biometric system and the soft biometric system by numerically mapping features
extracted from a facial profile images to its soft biometric attributes; and (2) assessing
the impact of integrating soft biometric systems with traditional biometric systems to
improve facial profile recognition performance. The experiments in this chapter utilised
the entire relevant subset of images from the XM2VTSDB dataset, which includes 230
subjects with four facial profile images each. The generated Elo comparisons were used
as labels, as detailed in Section 4.3. The objective was to use image features to predict
ranks using a ranking system.

Section 5.2 describes the framework that was used to extract visual features from the
facial profile images. In Section 5.3, the process for automatically retrieving biometric
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signatures from the images is explained. Subsequently, Section 5.4 explores human facial
profile recognition using biometric signatures obtained automatically from facial profile
images. Finally, Section 5.5 provides an overview of the findings.

5.2 Extracting Visual Features from Facial Profile Images

The previous two chapters primarily focused on evaluating the recognition of human
features using annotations provided by humans. Subsequently, the main challenges that
remained unresolved was determining the association between traditional and soft fa-
cial profile biometric systems and whether we could establish a numerical mapping of
features extracted from a facial profile based on its soft biometric attributes. Another
question was to what extent comparative soft biometrics can improve traditional bio-
metric performance. This study addressed these questions by examining recognition
systems in different scenarios, including human-labelled facial profile traits (soft biomet-
rics), automatically extracted attributes (traditional biometrics), and a fusion of both
biometric systems. The main inspiration for this study came from the methodology used
in (Nawaf Yousef Almudhahka et al. 2017a), which assessed comparative face labels and
created biometric signatures based on the relative rates of traits. The procedure con-
sisted of two steps: (1) detecting facial profile landmarks and (2) mapping traditional
facial profile features to their corresponding soft biometric attributes.

5.2.1 Facial Profile Detection

Figure 5.1: Facial profile detection process employing HOG and SVM.

To begin with, our focus was on detecting the bounding box of a facial profile in all of the
images in the dataset and then identifying the important landmarks within the bounding
box. Figure 5.1 illustrates the sequential steps required for accurately detecting facial
profiles. To achieve this, we used a pre-trained histogram of oriented gradients (HOG)
with a linear support vector machine (SVM) object detector, as introduced in (Dalal
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et al. 2005). The study demonstrated that HOG performs better than existing methods
like wavelets in detecting humans. HOG is a descriptor used to extract features from
an image by analysing its gradients. It is primarily used in facial recognition and object
detection and can be extracted from greyscale images. Gradients are typically more
prominent around the edges and corners, which facilitates the effective detection of
these regions in facial profiles. Figure 5.2 shows an example of using HOG to detect the
facial profile in a sample image from the XM2VTSDB dataset. Following this, SVM was
used to classify the images using the HOG method.

Figure 5.2: Using HOG to detect the facial profile for a sample facial profile image
from the XM2VTSDB dataset: (a) facial profile image and (b) HOG.

Following this, the objective was to segment the different components of the facial profile,
such as the eye, nose, and so on. This segmentation process enabled the automatic
generation of features associated with each characteristic, as indicated in Table 3.1. The
pose estimation method described in (Kazemi et al. 2014) was used for this purpose.

5.2.1.1 Correcting the Bounding Box

In cases where the facial profile was not accurately identified in the previous step, we
used bounding box regression (Y. He et al. 2019) to improve the shape of the box,
as shown in Figure 5.3. This method considered the average quadratic error of pixel
position for each of the four sides of the detected bounding box.

Figure 5.3: Correction procedure for the facial profile bounding box.
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5.2.2 Landmark Detection

While there are various methods and models available for landmark detection, such
as local binary features (LBF) (Ren et al. 2014), ensemble of regression trees (ERT)
(Kazemi et al. 2014), and deep alignment network (DAN) (Kowalski et al. 2017), they
face challenges including insufficient illumination, extreme head poses, and occlusions.
ERT method, also known as fast face alignment methods, rely on cascades of regressors.
Face alignment, a crucial component in most face analysis systems, aims to locate several
key points on human faces in images or videos. The ensemble of regression trees can
directly estimate the positions of face landmarks using a sparse subset of pixel intensities.

The majority of face alignment algorithms rely on a face detection bounding box to
initialise the shape. To detect facial landmarks, the face must first be extracted from
the image. This extracted region of interest (ROI) is then used to obtain the landmarks.
Shape predictors, also known as landmark predictors, are used to predict key (x,y)-
coordinates of a given ’shape’. Following the algorithm proposed by Tzimiropoulos et al.
(2013), shape predictors are used to locate individual facial structures such as the eyes,
eyebrows, nose, lips/mouth, and jawline. They require two inputs: the greyscale version
of the image and a rectangle object containing the coordinates of the face area.

5.2.2.1 Handling Missing Labels

In our study, the proposed algorithm did not successfully detect key points for the ear
and neck. To solve this issue, we expanded the facial profile bounding box to include
the neck area and the ear. Thus, we annotated the bounding box to cover the neck and
the expected position of the ear. Following that, we trained the predictor to locate the
bounding box for the neck and the ear using accurate points from the training data.
Afterwards, we identified a larger bounding box that encompassed the facial profile, ear,
and neck. This enlarged bounding box was then inputted into the pose estimator to
predict the landmarks. Since our focus was specifically on facial profiles, the resulting
landmarks may not have been completely accurate. Therefore, to further enhance the
accurate localisation of facial profiles landmarks in an image, we used custom shape
predictors, following these steps:

• Annotated the dataset with the main key points.

• Trained the shape predictor using a designated training set.

• Evaluated the performance of the shape predictor using a separate testing set.

The outcome was satisfactory, with 518 images containing all of the landmarks, which
was sufficient for constructing a model face with typical landmarks. Once fitted, this
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model could be used to estimate the missing points. We divided the 518 images into
training and testing sets for the shape predictor. Figure 5.4 displays a sample face image
from the XM2VTSDB dataset alongside the estimated shape and the ground truth shape.
The resulting model exhibited the following characteristics:

• Accurate: Our shape predictor effectively predicted and localised the locations
of most facial profile landmarks.

• Small: The size of our facial profile landmark predictor was smaller than the
original pre-trained face landmark predictor.

• Fast: Our model demonstrated a faster performance compared to dlib’s pre-
trained facial landmark predictor, as it predicted fewer locations.

Figure 5.4: Localisation of facial profile landmarks for a sample facial profile image
from the XM2VTSDB dataset. The black circle represents the estimated shape and

the white dots represent the ground truth shape.

5.2.3 Face Alignment Using Rigid Similarity Transformation

The alignment and transformation framework was based on the relevant literature (Zeng
et al. 2011; Walker et al. 1991). These transformations involved estimating a combin-
ation of rotation, translation, and scale that mapped the key points from one set to
another on a template. Since our objective was to align all of the detected faces with
a template image to minimise the rotational and scale differences, we considered the
transformation as a planar rigid transformation with scaling. This approach ensured
consistency when comparing subjects and reduced the impact of pose variations. The
optimal parameters of the transformation, including scaling, rotation, and translation,
were calculated. Additionally, all of the images in the dataset were normalised to a
common reference face.

The algorithm aimed to minimise the quadratic error between the positions of the tem-
plate key points and the transformed positions of the query. To effectively address this
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problem, we used the matching step in the iterative-closest-point algorithm (Horn et al.
1988). This approach demonstrated a high level of efficiency when handling facial profile
alignment in the dataset. An example of the transformation is shown in Figure 5.5. The
next step involved segmenting the components of the facial profile. We used a total of
twelve parts, and Figure 5.6 shows eight of these parts as examples.

(a) reference (b) new (c) after transformation

Figure 5.5: Applying the transformation, where (a) is a reference image, (b) is the
registered image, which rotates around the xy axis, and (c) shows the transformation

effect.

5.2.4 Generating Visual Features

After segmenting the main components of the principal facial profile, as shown in Figure
5.6, the goal was to train models to predict the attributes from the images, which will
be discussed later in this chapter. To achieve this, the global image feature (GIST) was
used to create a visual descriptor vector for each attribute of the facial profile (Oliva et al.
2001; Xie et al. 2018). The extraction of the GIST features was successfully employed
by Parikh et al. Parikh and Grauman (2011) to address issues related to face description
and recognition of outdoor scenes.

Figure 5.6: Facial profile landmark detection and facial profile component segmenta-
tion alongside their corresponding traits.

The process began by normalising the intensity of the facial profile component image.
Next, a series of Gabor filters were applied at four scales, with eight orientations per
scale, to extract the GIST features. These features were then used to create a set of
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features. The orientation maps, which consisted of 32 orientations, were divided into
44 grids and the mean intensity for each block in the grid was computed. As a result,
each facial profile component produced a vector of 512 features. Later in this section,
we will discuss how these features were used to train a model that aimed to generate
comparative facial profile labels. By utilising the generated features, we were able to
examine the relationship between our traditional facial profile biometric system and the
soft biometric system. This was done by numerically mapping the features extracted
from a facial profile to its soft biometric attributes.

5.3 Retrieval of Biometric Signatures

In the previous section, we discussed the generation and extraction of visual features used
to retrieve biometric signatures from facial profile images. This section now introduces
an approach to estimate the relative rates of attributes based on these visual features.
Additionally, it outlines and evaluates the effectiveness of this approach in predicting
soft biometric features.

5.3.1 Mapping Traditional Facial Profile Features to Soft Biometric
Comparative Attributes

The GIST features extracted from images were associated with comparative soft bio-
metric labels. These labels indicated the difference between two subjects as ’Less’ or
’More’, which corresponded to -1 or 1. To automatically estimate the target soft bio-
metric labels, a supervised regression method was employed to learn a prediction model
based on the visual features. We trained 31 sets of linear regressors, where the visual
elements were considered independent variables used to predict a dependent variable
(i.e., a comparative label). Linear regression was chosen because it explicitly takes into
account order, enabling the generation of comparative labels. The regression model was
trained using the visual attributes of the training subjects, along with the corresponding
normalised relative rates obtained using Elo, with the help of crowdsourced comparative
labels (ground truth). Multiple linear regression simulated a linear relationship between
a set of independent variables (features) and their corresponding dependent variables
(labels), allowing the prediction of the label of a new (unknown) sample based on its
features. The objective of training the regressors was to establish a direct correlation
between visual characteristics with GIST descriptors and comparative label values (-1
or 1) for the 31 face profile traits (see Table 3.1). At this stage, we decided to exclude
neck features from the table as they exhibited less power compared to other features.
The dataset was divided randomly into four folds. Three of the folds, each containing m

comparisons (m = 20, 700), were used to train the regressors. The fourth fold, contain-
ing n comparisons (n = 6, 900), was used for testing. This resulted in a total of m + n
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comparisons for each attribute t, while 1 ≤ t ≤ 31. The following model explains the
relationship between the visual aspects of each attribute and the comparative labels:

ytc = β0 + β1x
t
c1 + β2x

t
c2 + ...+ βpx

t
cp + ϵt (5.1)

The comparison index, denoted by 1 ≤ c ≤ m, ytc represents the comparative label value
for y ∈ {−1, 1} of the comparison c for the attribute t. xtck is the difference in the
kth GIST feature between the two individuals comprising the appraisal c for the trait t,
where 1 ≤ k ≤ p describes the GIST feature index, and ϵt represents the error term. The
goal of training is to estimate a vector of weight coefficients β̂ = β0, β1, ..., βp in order to
minimise the sum of squared residuals (equation 5.2):

minimise

(
1

m

m∑
c=1

∣∣ytc − ŷtc
∣∣2) (5.2)

The value of the comparative label to be predicted by (5.1) is represented by ytc, while
the predicted comparative label is denoted by ŷtc. The projected comparative label b for
a trait t between individuals (i, j) constituting a comparison in the testing group was
derived as shown in equation 5.3 once the weight coefficients vector β̂ was generated:

btd(i, j) =

{
−1 if ŷtd < 0

1 if ŷtd ≥ 0
(5.3)

The comparison’s index in the testing group was denoted by 1 ≤ d ≤ n. As explained
in the previous chapter, the anticipated comparison labels were utilised to derive com-
parative rates for the 31 traits through the Elo rating. These relative rates were then
used to generate biometric signatures for all of the subjects, comprising 31 relative rates
constituting soft biometrics used for subject recognition. After the comparative labels
were predicted from the facial profile images, we determined the associated rating for
each attribute using Elo.

5.3.2 Analysis

The purpose of this investigation was to assess the correlation between predicted relative
rates based on visual features (visual space) and those generated through crowdsourced
comparative labels using the Elo ranking method. The analysis evaluated the accuracy
of the regression model presented in this section and the visual descriptors discussed
in Section 5.2.4. Spearman’s correlation coefficient ρ was used to quantify the accur-
acy of the predicted relative rates based on visual features and their correlation with
semantically derived ground truth.
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Figure 5.7: Spearman’s correlation coefficient is used here to average and quantify
the correspondence between soft and traditional generated labels.

Figure 5.7 illustrates the relationship, as well as the Spearman’s ρ correlation, between
soft and traditional comparative facial profile biometric features. These features were
evaluated using Equations (5.1) and (5.2). As illustrated in Figure 5.7, clearly indicated
a strong relationship between the variables. The strongest relationship was observed for
binary-like attributes (e.g., gender), followed by nose size and nostril size. However, most
eye and ear characteristics exhibited the least, yet still significant, correspondence. How-
ever, the discriminative capability of soft biometric facial profile features significantly
influences traditional biometrics, as highlighted in Figure 5.7. Thus, this emphasises the
necessity of combining soft biometrics and traditional biometric systems.

5.4 Facial Profile Recognition Performance

5.4.1 Construction of the Features Gallery

In our experiments, we developed and tested three different types of features: human-
labelled, automatically labelled, and fusion features, as described below:

• The human features gallery (soft biometric), as explained in Chapter 4, was created
by comparing pairs of images based on specific characteristics. This comparison
was done using a platform that contained a collection of image pairs representing
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facial profile traits. A ranking system was then used to convert the pairwise
comparisons into scores that were associated with the images. The set of rankings
created for each characteristic was used to construct a feature vector for each facial
profile. As a result, each subject had a unique biometric signature.

• The automatic features gallery (traditional biometrics) was built using trained re-
gressors. These regressors generated comparative labels for each subject, based on
the visual GIST features. Additionally, a biometric signature was created for every
participant in the dataset using the Elo ranking system. To train the regressors,
facial profile images were paired and compared.

• Finally, once the feature vectors had been extracted for both annotation systems,
a fusion vector was created by concatenating these feature vectors into a single
vector for each image.

5.4.2 Facial Profile Recognition

This experiment aimed to assess the effectiveness of identifying an unknown topic (probe)
from each gallery described in the previous section. We employed a leave-one-out cross-
validation (LOOCV) technique to calculate the recognition rate. Using recursive feature
elimination (RFE) (Guyon et al. 2002), we utilised XGBoost (T. Chen et al. 2016) as
a classifier. In this investigation, we used the 31 features listed in Table 3.1. With soft
biometric feature vectors, we achieved an average recognition rate of 97%, while with
GIST-related features, we attained an average recognition rate of 84%. In addition, the
fused feature vectors achieved an average recognition rate accuracy of 98% (see Figure
5.8). This result demonstrates the significant contribution of eyewitness testimonies
(soft biometrics) in improving the performance of traditional biometrics by 14%.
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Figure 5.8: Average accuracy for each of the features galleries.

The DET curve was used to evaluate the system performance and demonstrate the trade-
off between the false positive rate (FPR) and false negative rate (FNR). Figure 5.9 shows
that by combining features from eyewitness testimonies and facial profile images, the sys-
tem achieved an equal error rate (EER) of 0.86%. In comparison, the soft biometric and
traditional biometric systems had EERs of 0.95% and 2.72%, respectively. In summary,
our findings show that fusing soft and traditional comparative facial profile systems can
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greatly improve recognition accuracy. Moreover, combining eyewitness testimonies and
computer vision techniques can result in a biometric system with higher performance.
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Figure 5.9: DET curve for each of the three biometric systems.

XGBoost handles multiclass classification by treating it as a series of one-versus-all
binary classification problems. Moreover, the prediction for a specific instance was stored
in a vector with K components, where each component j represented the probability
(defined by the classifier) of belonging to class j. Furthermore, we evaluated performance
using the CMC curve. To construct a CMC curve (DeCann et al. 2013), we needed to
determine the k-best class predictions for a given sample. This was achieved using
the estimated class probabilities as a measure of similarity: a higher probability of
belonging to a class indicates that the sample is more similar to the typical sample from
that class. Therefore, we rearranged the indices of the prediction vector in decreasing
order of estimated probabilities. A prediction is considered rank-k accurate if the true
label appears within the first k reordered indices. Figure 5.10 depicts the recognition
performance for facial profile traits, comparing the use of soft, traditional, and fusion
facial profile features. As can be seen from Figure 5.10, the system that combined
soft and traditional biometrics achieved an accuracy of 98% at rank-1, which further
increased to 100% at rank-15.

In a study by Nawaf Yousef Almudhahka et al. (2017b), 24 comparative attributes were
used and the identification of 430 subjects from the LFW dataset was evaluated. The
study achieved a retrieval rate of 98.37% at rank-5 for human features and a retrieval
rate of 90.93% at rank-10 for automatic features. In comparison to Nawaf Yousef Almud-
hahka et al. (2017b), we achieved a promising level of accuracy using facial profiles. It
was expected that the recognition rate would be lower for facial profiles since only half
of the face is visible and not all facial information is accessible to observers. However,
our experimental results showed a 98% recognition rate for our facial profile recognition
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Figure 5.10: Recognition through CMC performance.

system, indicating that facial profiles are sufficient to qualify as a separate biometric
modality.

5.5 Conclusions

This chapter explored the significance of facial profiles in biometric systems used for
security and surveillance. It also investigated the impact of human comparative labels
on the performance of facial profile recognition. Furthermore, the chapter examined how
the integration of comparative soft biometrics with traditional biometrics can enhance
the effectiveness of biometric systems specifically designed for facial profile recognition.
To automatically determine comparative facial profile labels, we employed a method that
combined computer vision with human descriptions of facial profiles. Additionally, we
conducted experiments with three biometric systems using a subset of the XM2VTSDB
dataset.

We demonstrated that it is possible to automatically generate facial profile descriptions
for human recognition. Our developed approach allows for subject identification and re-
trieval utilising either an image or a verbal description, reflecting forensic circumstances
in which a suspect’s image or an eyewitness’s description are available. The experimental
results obtained a 98% recognition rate for our facial profile recognition system, indic-
ating that facial profiles are sufficient to qualify as a separate biometric modality. Our
findings also suggested that combining automatic biometric systems with comparative
facial profile soft biometrics in humans leads to a significant improvement in recognition
accuracy.



Chapter 6

Facial Profile Biometrics: Domain
Adaptation and Deep Learning
Approaches

6.1 Introduction

Previous studies have established that human facial profiles are regarded as a biometric
modality, and there is evidence of bilateral symmetry in facial profile biometrics (Toygar
et al. 2018). This chapter centres on the bilateral symmetry of human facial profiles and
offers an analysis of facial profile images for recognition purposes. We put forward a
method based on the few-shot learning framework for extracting facial profile features.
Through the utilisation of domain adaptation and reverse validation, we also introduce
a technique known as reverse learning (RL) to explore bilateral symmetry.

As discussed in Chapter 2, various deep learning methods have been developed for fa-
cial profile recognition. These methods propose techniques for extracting the relevant
features from facial profiles (Sengupta et al. 2016; J. Zhao et al. 2018; P. Li et al. 2019;
Yin et al. 2020). In recent years, these methods have made significant progress, achiev-
ing impressive identification rates even in challenging conditions by leveraging extensive
training on massive datasets (Parkhi et al. 2015; Deng et al. 2019; Meng et al. 2021).
However, it is important to note that all deep learning methods require a large number
of samples per class during training to achieve acceptable performance levels. In our
dataset, we only had eight samples per class. Few-shot learning (FSL) has emerged as a
strategy to address this challenge. It allows pre-trained deep models to be used on new
data with only a small number of labelled examples, eliminating the need for retraining.
In this chapter, we introduce a few-shot learning approach based on reverse validation
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and domain adaptation. The goal was to achieve high accuracy without requiring ex-
tensive training data. Moreover, we investigated the impact of soft biometric features
when combined with traditional biometric features obtained through few-shot learning.

Section 6.2 focuses on the image preprocessing phases, while Section 6.3 explains the
feature extraction stage using two few-shot learning techniques. After that, Section 6.4
describes the experimental design, recognition performance, and subsequent discussions.
Section 6.5 examines the impact of fusing comparative soft biometrics (semantic space)
obtained from the RankSVM ranking system with traditional biometrics (visual space)
obtained from few-shot learning. Finally, Section 6.7 summarises the conclusions drawn
from the previous sections and highlights the implications of the study.

6.2 Image Preprocessing and Descriptions

Chapter 5 provided a detailed explanation of the various steps involved in processing
the images from the dataset to identify facial profiles and key points. In this process,
we used two convolutional neural network (CNN) models to extract the features. It is
important to note that each model has specific requirements for the input image sizes.
Figure 6.1 illustrates all of the procedures involved in extracting these features.

Figure 6.1: Image preprocessing procedures.

6.3 Extracting Visual Features from Facial Profiles

Deep neural networks are widely used in computer vision for extracting features. In
this section, we propose a structure inspired by previous research (Y. Wang et al. 2020;
Parnami et al. 2022; Garcia et al. 2017) to leverage few-shot learning based on the
ResNet50 neural network (K. He et al. 2016) and ArcFace (Deng et al. 2019). A typical
CNN consists of feature extraction and classification components. During training, the
model learns the unique facial features and generates feature embeddings through the
feature extraction process. In the FSL strategy, after training is completed, it becomes
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possible to skip the classification step and generate feature embeddings for each face
image. Figure 6.2 illustrates the CNN architecture and the key stages used for feature
extraction.

Figure 6.2: Convolutional neural network architecture.

• ResNet50 (K. He et al. 2016), short for residual network, is a specific type of
CNN known for its ability to maintain a lower error rate, even in deeper networks.
Our network accepts input images of size 244 × 244 pixels and computes 7 × 7
grid feature maps in the last layer before the fully connected network. The pre-
trained model was optimised on the ImageNet dataset, which consisted of multiple
classes. Due to the difference between the datasets used to train the networks and
our target data, we chose to exclude the output of the last fully connected layer.
Our numerical experiments demonstrated that the learned feature space efficiently
represented human faces using these 7 × 7 × 2048 feature maps, resulting in 49
2048-dimensional vectors.

We then used principal component analysis (PCA) (Jolliffe 2002) as the next step
to reduce the dimensionality of the feature space. PCA helps in preserving import-
ant information patterns while eliminating redundant information. After reducing
the dimensionality, we used the feature vectors to train a KNearest Neighbour
(KNN) recognition method with k = 4. To prevent overfitting, we used approxim-
ately ∼50% of the eigenvectors that captured the most significant variations. To
train the classifier, we used two samples per class. One sample was used for the
validation process, and the other sample was used as unseen test data for perform-
ance evaluation. Furthermore, in our experiments, we reduced the dimensionality
of the feature vectors from 700 to 477 using SFFS and PCA algorithms. Figure
6.3 shows that with 477 components, we achieved a variance of nearly 95%.

• ArcFace (Deng et al. 2019) is an innovative deep face recognition algorithm pro-
posed by Jiankang Deng et al. It is considered a discriminative model. The authors
proposed the additive angular margin loss function, which has proven to be highly
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Figure 6.3: The number of components needed to explain variance.

effective in obtaining discriminative features for facial recognition. It consistently
outperforms other state-of-the-art loss functions. ArcFace addresses the challenge
of effectively learning discriminative face features by incorporating an angular mar-
gin that pushes the learned features of different classes apart in the angular space.
By enhancing the separability between classes, ArcFace significantly improves the
model’s ability to distinguish between similar faces. This model is trained using
the LFW dataset to obtain pre-trained weights. The LFW dataset consists of
13,233 facial photos collected from the web. The ArcFace model expects inputs of
size 112 × 112 and returns 512-dimensional vector representations. Importantly,
ArcFace simplifies the process by compressing the extracted features to only 512
components, thereby eliminating the need for PCA.

We selected ResNet50 (Montero et al. 2022) as the backbone for all of the network
architectures tested in the ArcFace repository, due to its optimal balance between
accuracy and parameter count. In this context, the base model was ResNet50, and
we utilised ArcFace as the loss function. Generally, the term backbone refers to
the feature-extracting network responsible for processing input data into a specific
feature representation. The backbone plays a crucial role in extracting and encod-
ing features from the input data, capturing both low-level and high-level features.
After feature extraction, we calculated the ArcFace loss and used it to update
the network parameters through backpropagation. We chose ArcFace (Deng et al.
2019) as the baseline for two reasons: it employs a SoftMax-loss-based methodo-
logy, eliminating the need for an exhaustive training data preparation stage, and
it has been demonstrated to yield the best results for the original face recognition
task.



Chapter 6 Facial Profile Biometrics: Domain Adaptation and Deep Learning
Approaches 88

6.4 Facial Profile Recognition Using Data Adaptation and
Reverse Validation Methodology

Domain adaptation, a subfield of machine learning, aims to train a model on a source
dataset and achieve a high level of accuracy on a target dataset that differs signific-
antly from the source (Farahani et al. 2021). Conversely, if some samples in the target
dataset lack labels, reverse validation (Morvant et al. 2011; Y. Wang et al. 2020) is em-
ployed to identify the best model that minimises the difference between the conditional
distributions of the source and target datasets. In this chapter, we propose a method
grounded in domain adaptation and reverse validation, assuming that some facial profile
image samples lack labels and exhibit distinct conditional distributions from the source
(training) dataset. Inspired by Ganin et al. (2016), we introduced an algorithm called
reverse learning (RL) based on domain adaptation and reverse validation. Unlike con-
ventional prediction methods, our approach employed a two-step prediction process. We
use SFFS (Shirbani et al. 2013) to select the most optimal features from the distribu-
tions of the training and validation data. In our RL algorithm, the two-step prediction
helped identify the best model with optimised hyper-parameters and features between
the training and validation datasets, addressing issues associated with covariate shift
assumptions (David et al. 2010).

Figure 6.4: Training process of our reverse learning (RL) algorithm: 1 training the
model on the training set, 2 training the model on the validation set.

In the first step, the process began with a simple training procedure using SFFS, As
shown in Figure 6.4. In the second step of the prediction process, after making predic-
tions for the validation set, we trained on the validation set, made predictions for the
training set, and aimed to minimise errors using the SFFS algorithm. In the second
prediction step, the validation set served as the training set. The second prediction
was finally used to quantify the error on the training set, named the reverse learning
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metric. Finally, we evaluated the performance of our system by presenting unseen test
data from the target dataset. We assessed the performance of the RL method using the
XM2VTSDB database, which included 230 subject with four facial profile samples from
each side-view.

6.4.1 Performance Analysis

In this section, we introduce a domain adaptation approach that is employed to assess
the effect of this strategy on the recognition accuracy of facial profiles from opposite
sides of the face. We detected a noticeable shift in data within the same feature space
when evaluating the model fitted on the training set. This discrepancy arose from the
limited number of samples per class and the variations in subjects’ appearances across
the four images, as well as between the training and test sets. To address this challenge,
we employed a technique that aimed to identify the gap between the training, validation,
and test sets.

We conducted a series of experiments on side-view face recognition to assess the effect-
iveness of the RL method compared to traditional approaches. We then employed a
similar technique in two distinct settings:

• Experiment for same view facial profile (left side)

In this setting, we employed the leave-one-out cross-validation (LOOCV) method
to measure the recognition rate. In addition, we opted to use KNN as a simple
classifier. The model was trained and evaluated from the perspective of the left
side, with the test data also originating from the left side. We evaluated the
performance of this experiment by analysing four samples from the left side view
of each individual in the dataset. For this experiment, 80% of the data on the same
side was allocated for training and validation, while the remaining 20% served as
the unseen testing set. By utilising ResNet50 features, we achieved an average
recognition accuracy of 85% when training KNN with 80% of the samples in the
dataset (traditional strategy). Interestingly, we observed an increase in accuracy
to 91% when employing the RL strategy. However, when using ArcFace features,
the average recognition accuracy dropped to 71%. Notably, this accuracy remained
consistent even with the application of the RL approach.

• Experiment for mirror bilateral symmetry view (left and right side)

In this case, the facial profile side images were initially mirrored from right to
left, following the way in which previous processes had been applied to detect
facial profiles. We evaluated the performance of this experiment by analysing
eight samples from the left and right side view of each individual in the dataset.
In this experiment, we trained and validated on the left side and measured the
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recognition rate on the right side as unseen test data. Our numerical experiments
revealed that utilising RL can enhance recognition accuracy to 75%, compared to
70% with the traditional method, based on ResNet50 features.

Additionally, the model was trained on left-side facial profiles and validated on
unlabelled right-side profiles. Testing was then conducted using unseen data from
the right side. By using right facial profiles as unlabelled data in the validation
process, a recognition rate of 82% was achieved. This marked a significant im-
provement of 12% compared to traditional methods. Interestingly, when ArcFace
features were utilised, the accuracy remained consistent across all three techniques,
at 56%. However, it is worth noting that the RL approach did not lead to any
enhancement in accuracy.
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Figure 6.5: Recognition via CMC performance for ResNet50 features.
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Figure 6.6: Recognition via CMC performance for ArcFace features.

One of the most important techniques for evaluating model performance is cumulative
matching characteristics (CMC) curves (DeCann et al. 2013). The CMC curve shows the
recognition at different ranks, indicating the probability of finding an accurate match at a
particular rank. Figures 6.5 and 6.6 present the recognition performance of facial profiles.



Chapter 6 Facial Profile Biometrics: Domain Adaptation and Deep Learning
Approaches 91

In Figure 6.5, which used ResNet50 features, the accuracy for same-side recognition
improved from 85% at rank-1 to 96% at rank-10 when employing RL. Additionally, the
accuracy for BS increased from 71% at rank-1 to 91% at rank-10 when using only right-
side images as test data. However, when right-side images were also included in the
validation stage, the accuracy rose from 82% at rank-1 to 96% at rank-10.

In Figure 6.6, which used ArcFace features, the accuracy for RL on the same side
improved from 71% at rank-1 to 87% at rank-10. Moreover, the accuracy for BS using
only right-side images as test data improved from 56% at rank-1 to 81% at rank-10.
Additionally, the accuracy for BS using only right-side images as test data improved
from 56% at rank-1 to 81% at rank-10. Similarly, when right-side images were also used
in the validation stage, the accuracy increased from 56% at rank-1 to 83% at rank-10.
Our numerical experiment results are summarised in Table 6.1 and reveal the following
two findings:

Table 6.1: Recognition rates with and without domain adaptation based on RL al-
gorithm; (BS) bilateral symmetry, (L) left side, (R) right side, (T) training set, (V)

validation set, (TS) test set, (SD) standard deviation.

View Method Dataset Model
ResNet50 ArcFace

T V TS Accuracy SD Accuracy SD

Same side Traditional L L L 85% 0.016 71% 0.012
RL L L L 91% 0.014 71% 0.011

BS
Traditional L L R 70% 0.021 56% 0.009

RL L L R 75% 0.011 56% 0.008
RL L R R 82% 0.042 56% 0.041

1) By utilising ResNet50 features, the recognition rate for the same side exceeded
85% with the traditional method and improved by 6% with the RL method. For
the opposite side, the recognition rate using the traditional method is 70%, which
increased to 75% with the RL method when the left side was included in both the
validation and training sets. Notably, the accuracy significantly improved by 12%
when right facial profiles were included in the validation process.

2) When employing ArcFace features, the recognition rates for both the same and
opposite sides remained unchanged, and the model performance did not alter even
after introducing the RL method.

Our numerical experiments utilising ResNet50 indicated that the RL method proposed
here outperformed the state-of-the-art for datasets containing more than 200 subjects.
The dataset utilised in this chapter differs from the one used in previous work. To clarify,
our dataset presented greater challenges due to the following reasons: 1) it comprised
230 subjects, which is substantially larger than all datasets considered in (Ding et al.
2013; Bhanu et al. 2004; X. Xu et al. 2007), 2) some of the facial profiles in our dataset
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were occluded, yet our method still achieved a high recognition rate of 91% using our
RL method, surpassing all methods presented in (Ding et al. 2013; Bhanu et al. 2004; X.
Xu et al. 2007), and 3) in the method proposed here, we assumed that the validation set
was unlabelled. Such an assumption rendered our dataset more challenging than those
in the literature.

In our study of 230 subjects, we achieved a cross-recognition rate of 82%, which is the
highest among our results. This performance can be compared to the work presented
in (Toygar et al. 2018), where only 46 subjects with left and right profile images were
used. The best cross-recognition rate reported in (Toygar et al. 2018) was 81.52%, when
the model was trained on the left side and tested on the right side. However, in our
study, facial profiles with a larger number of subjects achieved an 82% cross-recognition
rate. This indicates that facial profiles contain sufficient information to be considered
an independent and important biometric modality. According to the findings of the
experiments in (Toygar et al. 2018), facial profile recognition systems outperform ear
recognition systems due to the higher bilateral symmetry of facial profiles. This is
because the right and left facial profiles are more similar and share more discriminative
traits than the right and left ears. Table 6.2 presents the recognition rates of facial
profiles from various methods found in the literature.

Table 6.2: Recognition rates of facial profiles in the literature with various methods.

Publication Dataset Method Accuracy
Same side view
Ding et al. (2013) 44 subjects DWT + RF 92.50%

Bhanu et al. (2004) 30 subjects DWT 90%
X. Xu et al. (2007) 38 subjects PCA 77.63%
Other side view
Toygar et al. (2018) 46 subjects BSIF + LPQ + LBP 81.52%

Table 6.1 presents the results which demonstrate that ResNet50 performed better than
ArcFace in both same-side and cross-recognition experiments. While ArcFace demon-
strated strong performance when dealing with a slightly angled view of faces and excelled
in large-scale face identification tasks, its performance was lower when applied to facial
profiles. The accuracy decreased from 99% on LFW to 71% in our dataset, indicating
that ArcFace struggles to effectively generalise to new unseen data that features highly
angled views of faces.

6.5 Fusion of Semantic and Visual features

The fusion method conducted in Chapter 5 has conclusively shown the efficacy of using
comparative facial profile soft biometrics for subject identification. The results have
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also demonstrated the inherent capacity of the semantic space for the recognition and
identification of human faces using comparative soft biometrics. This section examines
the extent to which soft biometrics could complete computer vision features. After
extracting visual features from facial profile images, as explained in Section 6.3, we
developed two fusion techniques: one was based on feature concatenation and the other
exploited Adaboost to fuse semantic features obtained by RankSVM with visual features
obtained by ResNet50, as shown in Figure 6.7. The first strategy acted at the features’s
space level and consisted of concatenating semantic features with visual features for each
sample, then creating a classifier that took the new feature space as input. The second
approach consisted of creating a classifier as a mixture of two classifiers, each one of
them using a single type of features, ResNet50 or RankSVM exclusively.

A comparative evaluation of the classification metrics of both methods is conducted at
the end of the section. Moreover, for the feature-based fusion method, we examined the
impact of the concatenation on inter-class and intra-class disparity. The experiments
focussed exclusively on the recognition of the left side of the facial profile, as we lacked
verbal pairwise comparisons for the right side.

Figure 6.7: Two fusion approaches.

6.5.1 Concatenation Semantic and Visual (CSV)

As part of this approach, we concatenated the semantic features and visual features
for each image in the dataset into a single feature vector. The used framework can be
described as follows: Let Rd1 and Rd2 be the two vector spaces. The set Rd1+d2 is the
set of elements (x : y) a concatenated vector of x and y, where x ∈ Rd1 and y ∈ Rd2.

The CSV technique was examined using the KNN classifier. The evaluation utilised the
230 subjects from the XM2VTSDB dataset and employed a 4-fold cross validation ap-
proach. After mapping a pair of vectors into a higher dimensional vector for each image
in the dataset, we applied PCA after the concatenation to reduce the dimensionality,
resulting in a reduction of the total number of features from 950 to the total number of
images, which is 920. An SFFS with LOOCV was then used to select the relevant fea-
tures and the best hyper-parameters. The algorithm selected 280 components. Figure
6.8 shows the method that was developed.
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Figure 6.8: Framework of concatenation semantic and visual features.

6.5.1.1 Analysis and Evaluation

The objective of this analysis was to investigate the precision of the suggested CSV
technique when identifying individuals based on facial profiles. Moreover, the objective
of this analysis was to assess the integration performance between the visual features
(representing the visual space) and the semantic space features inferred from the crowd-
sourced comparative labels via the RankSVM algorithm. Our experiments demonstrated
the benefits of utilising the facial profile soft biometric traits and fusing them with tradi-
tional biometric to enhance the recognition accuracy. Biometric recognition performance
can be assessed using similarity measurement function as explained in Section 4.6.2. Fig-
ure 6.9 illustrates the overlap between inter and intra class variations for concatenation
approach and visual features, while Figure 4.10 illustrates the overlap between inter and
intra class variations for semantic features which computed previously. Figure 6.9 and
4.10 demonstrated that the concatenation approach and visual features had a similar
overlap area between same and different classes, with a value of 0.148. In contrast, the
overlap area for RanSVM was 0.212.

6.5.2 Ensemble Method for Fusing Semantic and Visual (ESV)

Ensemble methods are approaches used to increase the accuracy of outcomes in models
by mixing several models rather than using a single one. The primary types of ensemble
methods include bagging, boosting, and stacking. The model based approach (ensemble
method) consists of learning a linear combination of two classifiers, each one of them
exclusively using one type of feature. Such a model is called a generalised linear model.
Ensemble methods can achieve such a combination. In stacking, the predicted classi-
fication probabilities of base classifiers are considered as a feature vector. In that case,
a model is trained to use the probabilities efficiently and make final predictions. In
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Figure 6.9: Inter and intra-class variations.

bagging for example, each individual classifier deals with a different set of features and
set of samples from other classifiers in the ensemble. In boosting, each new individual
classifier is trained to correct the misclassifications made by the current ensemble.

As we were interested in combinations that perform better than the best classifier in the
combination, we chose boosting, specifically Adaboost, to make the generalised linear
model. We constructed a model on each feature space, then iteratively selected one of
the models and computed its weights in the linear combination. The goal of the training
loop was to create a set of complementary classifiers along with the optimal generalised
linear weights. We were inspired by the algorithms proposed in (Schapire et al. 1998;
Kégl 2013). Note that since each model uses a different set of features, we could also
call this method boosting with column sampling. Figure 6.10 describes the developed
method. To implement the ensemble approach, multiple steps were required, as follows;

1. We trained KNN+SFFS on each feature space, the results were two classifiers;

2. We precomputed the leave-one-out class probability predictions, which resulted in
two matrices m by K; initialising base classifiers weights to zeros;

3. We initialised multiclass one hot labels, and multiclass weights in a way that
rewarded true positives more than false positives. In fact a misclassification on
the correct label cost 1/(2.m), and equaling simultaneously K − 1 errors on the
negative labels;

4. Boosting iteration T

4.1. Select the best classifier maximising the weighted multiclass margin (edge)
sum (wik ∗yik ∗pik), where w is the weight, y is the label, p is the probability
and i is the number of samples.
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Figure 6.10: Framework of fusion using ensemble method.

4.2. Compute the classifier’s weight αt =
1
2 log

(
1+edge
1−edge

)
and increment the base

classifier’s weight with αt.

4.3. Update the sample weight.

4.4. Next iteration, repeat 4.1. until the maximum iteration is achieved or edge =
1(α = 0).

6.5.2.1 Analysis and Evaluation

The cumulative match characteristic (CMC) and receiver operating characteristic (ROC)
results are presented as the mean value obtained from a 4-fold cross-validation. Figure
6.11 depicts the CMC and ROC curves obtained from this experiment.

Figure 6.11 demonstrates that the accuracy for same-side recognition was 92% at rank-1
when employing the concatenation method. Furthermore, this accuracy increased to
98% at rank-20. In contrast, the precision of the ensemble method began at 95% at
rank-1 and increased to 100% by rank 20. The area under the Roc curve was 0.998
for the ensemble approach and 0.988 for the concatenation approach. Note, the Resnet
features and the concatenation method produced nearly identical results.

Figure 6.12 demonstrates that the fusion accuracy reached an equal error rate (EER) of
0.031 and 0.009 using the concatenation and ensemble methods, respectively. Further-
more, the performance result indicates that the ensemble approach exhibited superior
accuracy compared to the concatenation approach in the fusion recognition experiment.
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Figure 6.11: Recognition via CMC and ROC performance for all approaches: Visual
(ResNet features), Semantic (verbal features), Concatenation method and Ensemble

method.
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6.6 Scale to a Larger Dataset

Typically, the use of facial soft biometrics to identify human faces has been investig-
ated utilising datasets with constraints (Reid, Samangooei et al. 2013; Klare, Klum
et al. 2014; Tome, Fierrez et al. 2014). However, it has also been tested in real-world
identification scenarios with larger populations, large scale data and a diverse set of
demographic data, in addition to more challenging visual conditions of surveillance such
as high variability in illumination, facial expressions, resolution and pose (Nawaf Yousef
Almudhahka et al. 2017a; Nawaf Yousef Almudhahka et al. 2017b). The comparison
labels/scores to study comparative facial profile soft biometrics in this thesis, as well as
in the existing work on comparative attributes, were collected, while subjects’ images
were presented to annotators. However, real life scenarios will involve an eyewitness de-
scribing a suspect’s face from memory, followed by the retrieval of the suspect’s identity
from a database. The most challenging evaluation is simulating real-world operation,
which involves identifying unseen suspects based solely on an eyewitness description.
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In contrast to the experiments conducted in Chapter 4, which focused on identifying
and verifying individuals in facial profiles soft biometric databases created using labels
provided by humans (i.e. crowdsourced comparisons), identification in criminal investig-
ations entails the utilisation of several databases, including mugshots and CCTV images,
to ascertain the identity of an unknown suspect based on verbal descriptions provided by
eyewitnesses (Davis et al. 2015). As a result, a framework for automatically producing
biometric signatures from facial profile photos is required. Chapter 5 introduced a new
visual space that reduces the semantic gap between humans and machines in terms of
relative facial features. We provide an explanation of two distinct real-life scenarios, as
follows:

• In a practical situation, to identify a new facial profile image, we can begin by
automatically generating biometric signatures, as explained in Chapter 5. This
can be done by employing techniques such as trained RankSVM. Once we obtain
the feature vector for each attribute, we can utilise a pre-trained model like Knn to
calculate the distances to different classes. If the minimum distances are less than
a threshold, the facial profile class is recognised. We can select a threshold defining
the maximum distance from any facial profile class and another threshold defining
the maximum distance from facial profile space. The acceptability threshold should
also vary at low levels of 0, where only images that project very closely to the known
face classes are recognised, to result in minimal errors, although many images may
be rejected as unknown (Turk et al. 1991). Figure 6.13 shows that the first step
in image retrieval and identification is to transform comparative descriptions to
relative measures that can be utilised as a biometric signature.

Figure 6.13: Verbal identification from soft biometric database (Reid 2013).
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• To scale the system up to a larger dataset, our classifier is initially trained on the
old portion of the dataset and then the new portion of dataset can be split into the
gallery set and the probe set. The gallery set is used to retrain our pre-trainied
classifier, while the feature vectors of the probe are utilised to compare with the
feature vectors from the gallery view (Chao et al. 2019).

6.7 Conclusion

This chapter introduced a method for facial profile recognition that combines few-shot
learning, domain adaptation, and reverse validation techniques. We employed a similar-
ity registration technique to ensure the precise alignment of all facial profile images. By
utilising two pre-trained CNN models, ResNet50 and ArcFace, we implemented few-shot
learning. Among these models, ResNet50 demonstrated superior performance compared
to ArcFace. Specifically, our RL algorithm, which utilised ResNet50, outperformed the
traditional training methods discussed in this chapter.

The results obtained from our RL method reveal significant improvements in classific-
ation rates. Specifically, the recognition rate for same side (left side) reached 91%,
surpassing the state-of-the-art performance achieved with datasets of similar sizes. Ad-
ditionally, promising outcomes were observed in cross-recognition, with a rate of 82%
achieved when right-side images were used in the validation stage. Furthermore, a re-
cognition rate of 75% was attained when left-side images were employed in validation,
with right-side images used for testing. Numerical experiments indicated a notable 7%
enhancement in cross-recognition accuracy when right-side faces were included in the
validation process. Therefore, we can conclude that depending on the application, re-
cognition is viable even when facial profiles are the sole biometric modality available,
including scenarios involving bilateral symmetry. Additionally, this chapter examines
the effects of integrating soft biometric features with conventional biometric features ob-
tained through few-shot learning in two different approaches. The results indicate that
semantic features enhance the performance of traditional biometric systems in both
methods.



Chapter 7

Conclusions and Future Work

7.1 Summary and Concluding Remarks

The objective of this thesis is to investigate the process of human identification using
comparative facial profiles, specifically focusing on soft biometrics. Towards this ob-
jective, a new collection of soft biometric attributes was introduced, and a challenging
dataset was used for the identification and recognition experiments.

In Chapter 2 we provided a summary of soft biometrics and their important role in
investigations relying on eyewitness testimonies. Furthermore, the literature review
presented a comprehensive list of the most significant studies on biometric facial profile
recognition and identification. It also highlighted the limitations of the methods and
techniques presented in this chapter. Chapter 3 illustrated that using crowdsourcing
for comparative soft biometrics leads to precise, relative attributes aiding in subject
retrieval. In addition, we presented a range of potential ranking algorithms that have
been previously introduced to the research on the subject.

In Chapter 4 we evaluated the proposed semantic human facial profile attributes by
employing two ranking systems to generate comparative ratings. An assessment of
facial profile analysis using the designated attributes and response evidence identified the
potential for considering facial profiles as a soft biometric. Moreover, this thesis makes a
significant contribution by introducing the majority vote threshold, and emphasises its
influence on accuracy. Chapter 5 emphasised the power of regressing relative attributes
and investigated the improvement of biometric systems for facial profile identification
by fusing comparative soft biometrics with traditional biometrics.

In Chapter 6 we presented a novel recognition method based on few-shot learning, do-
main adaptation and reverse validation of facial profile images. We used a few-shot
learning based on two pre-trained CNN models, namely ResNet50 and ArcFace. We
also examined the bilateral symmetry of facial profiles.

100
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In our study, we found that facial profiles can be used as a biometric modality. In
addition, we devised both traditional machine learning and deep learning-based meth-
ods for facial profile recognition, using a large dataset that includes numerous subjects.
Moreover, this study identified the relative features which are crucial for providing useful
information when describing facial profile images. The introduction of a new set of soft
biometric features, such as the size of the nostril and the philtrum, has a positive effect on
the accuracy of facial profiles recognition. The performance outcomes obtained through
the use of semantic facial profile attributes suggest that soft biometric frameworks are
highly significant when combined with traditional biometrics. Our system, which fuses
soft and traditional biometrics, achieved an accuracy of 98% at rank-1, which further
increased to 100% at rank-15.

In short, the analyses of facial profiles through the designated features demonstrated
the practical advantages of using facial profiles in soft biometrics. We also studied
the correspondence between features extracted with computer vision techniques, and
human-derived labels for the improvement of facial profile recognition. This result clearly
demonstrates a robust correlation between the variables. The most significant correlation
was found between binary-like characteristics (such as gender), followed by nose size and
nostril size. Lastly, the majority of eye and ear traits presented minimal but noteworthy
correlations.

In conclusion, the results presented in this thesis provide a significant contribution to the
existing research on soft biometrics. They demonstrate that utilising comparative facial
profile features is effective when handling challenging databases. The findings of the
thesis indicate that soft biometrics based on comparative facial profiles can significantly
assist in reducing the semantic gap between humans and machines. This enables the
retrieval of identities based on semantic descriptions from images database. Finally,
the thesis enhances our understanding of how bilateral symmetry might be applied to
recognition as a fundamental problem in machine learning.

7.2 Future Work

Our research not only presents novel methods that enhance the recognition of facial
profiles, but also highlights numerous areas for further investigation. Some of these
possible potential research directions are as follows:

7.2.1 Facial Profile Soft Biometric Identification

Although XM2VTSDB is a challenging dataset that accurately represents the difficult
visual conditions of facial profile images, it would be interesting to evaluate the effect-
iveness of comparative facial profiles as soft biometrics for identification in surveillance
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databases that have even more adverse visual circumstances. Further research is needed
to understand the elements that impact the performance and completeness of semantic
descriptions for relative facial profiles features. Furthermore, in order to enhance the
comprehensiveness of the datasets, future research may explore the integration of facial
profile attributes with soft biometrics from other domains, including gait, face, ear, and
body shape. The main focus of future work should involve the assessment of the level
of accuracy and the development of soft profile biometrics for use in novel applications.

7.2.2 The Impact of Occlusion

Extending automatic soft/traditional annotation to footage in uncontrolled contexts can
cause occlusion issues. Visual or semantic features can be concealed by the scenery, the
subject’s body (self occlusion) or covariates such as jewellery, hats and clothing. The
presence of these occluded features can impact the labelling of the biometric data, res-
ulting in misleading descriptions. In real scenarios, eyewitness memory is frequently
unreliable and can be significantly compromised by stress. This may result in features
being described inaccurately. Soft features that are ambiguous or absent can be pre-
dicted by taking advantage of the established structure, which improves the description.
Missing soft labels can be accurately predicted by understanding the structure between
features. For example, if the suspect is of a certain age and has an occluded ear, the
suspect’s age can be used to predict the size of the ear, considering the fact that there is
a significant and positive correlation between age and ear size. Similarly, regarding tra-
ditional biometrics, training models may be employed in an attempt to forecast features
from occluded facial profiles. This has the potential to enhance the precision of relat-
ive measurements automatically computed from facial profile signatures or to optimise
search queries in the absence of a comprehensive description.

7.2.3 Additional and Predicted Comparisons

The project has utilised inferred comparisons to address the constraints of the limited
data collected by the contributors. Although this has yielded successful results, the
inferred process could be removed by collecting more annotations between the subjects
images. By gathering more comparisons, there would be no need for inference, there-
fore the full benefit of comparisons would be observed. Enhanced analysis using soft
biometrics may also allow for the derivation of individual labels for recognition using
computer vision. The future work should allow for facial profile identification or recogni-
tion using computer vision techniques to complement labelled attributes obtained from
soft biometrics.
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7.2.4 Descriptions from Memory

The comparisons collected for examining the soft biometrics of comparative facial pro-
files in this thesis, as well as in prior research on comparative traits, were acquired
by presenting individuals’ photos to annotators. Nevertheless, in practical situations,
eyewitnesses may be asked to describe a suspect’s facial profile to search a database
for their identity. Therefore, it would be interesting to ascertain the precision of facial
profiles in remembering the facial characteristics of unknown individuals from memory,
in comparison to presented individuals. Additionally, it would be valuable to explore
the effectiveness of these comparisons of soft biometrics for the purpose of retrieving
identity.

7.2.5 Facial Profile Datasets

There is a limited number of facial profile datasets accessible for analysis and evaluation.
Therefore, exploring the possibility of creating more datasets with well-defined ground
truths is a highly attractive direction for future research. Creating such datasets for
facial profiles analysis involves generating a large number of labelled instances with
complex real life circumstances. Additionally, it would be advantageous if the datasets
that were created incorporated more challenging modifications such as noise, rotation,
translation, etc.

7.2.6 EFIT-V for Facial Profiles

Effective implementation of our research would involve integrating it into established
suspect identification systems such as EFIT-V (Wight Constabulary 2024). EFIT-V
uses computer software to generate a composite image of the facial characteristics of
a suspect as stated by an eyewitness (Figure 7.1). Presently, these systems employ a
random selection process to choose initial variables from a large parameter space and
then refine them based on user feedback to achieve optimal combinations. Using such
techniques to generate comparative facial profile soft biometrics for a suspect is highly
effective.

7.2.7 Bilateral Symmetry

Future work will concentrate on annotating the opposite side of the face utilising crowd-
sourcing technologies. Following that, it will investigate bilateral symmetry using soft
biometric traits. Furthermore, we will be able to combine bilateral symmetry using soft
biometric traits with traditional bilateral symmetry and study the effect of adding the
soft biometric trait on recognition.
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Figure 7.1: EFIT images released as part of a burglary investigation in Southampton
(Wight Constabulary 2024).

7.2.8 Deep Learning

Future work will also consider the use of an end-to-end deep learning model for higher
retrieval accuracy, as well as the scalability of automatic biometric signatures. It would
be interesting if future studies could examine the power of regressing relative attributes
with a deep learning CNN. Additionally, it would be worth investigating different CNN
models as an alternative to the pre-trained ResNet50 and ArcFace models.
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