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ABSTRACT
Biometric recognition and authentication are crucial and gaining popularity in many
security applications including secure access control, human surveillance, suspicious
activity recognition, border monitoring, preventing criminal acts, alarm monitoring and
so on. Biometric recognition identifies a human identity based upon their physiological
or behavioral characteristics such as face, ear, fingerprint, palm print, iris, voice, gait and
signature. Among these biometrics, the face and ear are considered as the most reliable
traits due to their uniqueness and easy data acquisition. However, both face and ear
recognition suffer from lack of accuracy and robustness for real time applications. The
performance of face recognition process is significantly affected due to variations in facial
expressions, the use of cosmetics and eye glasses, the presence of facial hair including
beards and aging. On the other hand, the reduced spatial resolution, uniform distribution
of color and sometimes the presence of nearby hair and ear-rings make the ear very
challenging for non-intrusive biometric applications. Therefore, fusion of face and ear
data in an efficient way may be useful for mitigating these challenges. They are also good
candidates for fusion due to their physical proximity. In recent years, multimodal
biometric systems based on two or more biometric traits are found to be extremely useful
and exhibit robust performance over the unimodal biometric systems. We therefore,
propose a multimodal biometric scheme by combining the local features of face and ear
biometrics in a computationally efficient manner.

In this dissertation, we develop robust and efficient algorithms for face and ear
recognition and finally, the fusion of face and ear biometrics for human recognition and
authentication. In this research, face recognition is accomplished by means of matching
facial local features between the probe image (left or right face sequence) and the gallery

i

face images within a database. For ear recognition, the system first detects and extracts
the ear region from the facial image geometry. To detect the ear of the user from the facial
images, we employ a fast technique based on the AdaBoost algorithm. Similar to face
recognition scheme, ear recognition is accomplished by matching the ear data (probe) of
an individual to the previously enrolled (stored) ear data in a gallery database for
verification and recognition of the person.

In this research, we present a method for fusing the face and ear biometrics at the match
score level. At this level, we have the flexibility to fuse the match scores from various
modalities upon their availability. Firstly, the match scores of each modality are
calculated. Secondly, the scores are normalized and subsequently combined using a
weighted sum technique. The final decision for recognition of a probe face or ear is done
upon the fused match score. Once the person is identified based on the fused features of
face and ear modalities, authentication to a secure environment is granted. The
experimental evaluation reported in this research demonstrates that fusion of these two
(face and ear) biometrics results a significant improvement in recognition accuracy
compared to the accuracy achieved by using individual one. The unimodal and
multimodal biometric approaches proposed in this dissertation using face and ear
biometrics can be extended for recognition with other biometric traits. The dissertation is
organized with a set of papers already published and submitted to journals or
internationally refereed conferences.
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Chapter 1
INTRODUCTION

1.1 Overview
Biometric based person identification and authentication are gaining popularity for
providing safety and security in numerous applications including surveillance system,
access control, visa processing, national IDs, border checking, law enforcement
applications and so on [1-3]. Biometric system is a technique that relies on the unique
biometric characteristics of individuals to verify or recognize the person for secure
access to a system [4]. In general, biometric systems are employed for user
authentication and identification. User authentication is vital in secure access control
to provide the safety and security of any system. For user authentication, one-to-one
matching is done to compare the biometric data of a user to a specific pattern of the
identity enrolled in the system earlier. In identification or recognition process, one-tomany matching is done to identify a biometric data by comparing it against every
identity patterns stored in a large database. Identification is the ability to identify
uniquely a user of a system or an application that is running in the system.
Identification occurs when a user claims or professes an identity [5-7].

User identification and authentication is traditionally performed based on the
following arrangements: (a) something that the user knows (such as, a PIN, a
password) or (b) something that the user holds (typically a key, a token, a smart card,
a badge, or a passport). These traditional methods for the user authentication have
deficiencies like, they can be forgotten, disclosed, lost or stolen. Passwords often are
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easily accessible to colleagues and even occasional visitors and users tend to pass their
tokens to or share their passwords with their colleagues to make their work easier.
Biometric authentication or identification on the other hand, authenticates users
properly and reliably [8]. Biometric characteristics are unique and not duplicable or
transferable. Therefore, biometric based security systems have been proven superior
to traditional ID based systems [9].

Biometric authentication verifies or authorizes a person based on his physiological or
behavioral characteristics [10]. Physiological biometric traits include: face, ear,
fingerprint, hand-geometry, palm print, iris, retina, etc., and behavioral biometric traits
include signature, voice, gait and keystroke dynamics [11, 12]. Among these
biometrics, human faces have been widely used as the most distinctive key attributes
for biometric authentication due to their uniqueness, robustness, availability,
accessibility and acceptability characteristics [13]. Face recognition can be used to
predict human behavior and activities that can help to identify suspicious role of a
person in security surveillance. However, face recognition has some limitations such
as, it may be affected by pose variations, changes in lighting conditions, age, and if the
person wear glasses.

Over the recent years, human ear has become as a promising biometric trait in the
research community. The ear is quite attractive biometric candidate because, the shape
of the ear is unique and usually unaffected by variations of facial expressions, aging,
anxiety, effect of cosmetics uses or eye glasses [14]. Moreover, several ear features
such as smaller in size, co-location with face, and relatively less change in shape due
to aging has made it very popular among biometric communities. An ear has less
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spatial resolution and uniform colour distribution. However, due to its complex
geometrical shape and often being obscured by hair, ear-ring, head-cover and the
similar, developing fast, accurate and robust ear based biometric systems is still very
challenging [15, 16]. In order to cope with these challenges and obtain a robust
performance of the recognition system, development of a multimodal biometric
scheme by integrating more than one biometrics may be a good solution.

In recent years, multimodal biometric systems are found to be extremely useful and
exhibit robust performance over the unimodal biometric systems [17, 18]. The aim of
a multimodal system is to acquire multiple sources of information from different
modalities and minimize the error prone effect of monomodal systems. Unimodal
biometric systems are affected by various problems such as noisy sensor data, nonuniversality, lack of individuality, lack of invariant representation and susceptibility to
circumvention [19]. As a result, unimodal systems have limited accuracy. To
overcome these limitations, multimodal approaches have been proposed by the
researchers. A biometric scheme is called multimodal if it collects data from different
biometric sources. In a multimodal biometric system, a decision can be made based on
different subsets of biometrics depending on their availability and acceptability [20].
Many researchers have developed multimodal biometric systems by integrating face,
finger, hand, ear, gait and iris images taken by different sensors [19, 21-26]. Among
these biometric traits, the face and ear have become very popular due to their rich set
of distinctive features as well as the possibility of easy and nonintrusive acquisition of
their images. There has been increasing research interest in using these two biometric
traits for identification and authentication purposes in the last few years. However, the
accuracy and the robustness required for real world applications are still to be
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achieved. Face recognition with neutral expressions has reached maturity with a high
degree of accuracy [27-30]. However, changes due to facial expressions, the use of
cosmetics and eye glasses, the presence of facial hair including beards and aging,
significantly affect the performance of face recognition systems. The ear, compared to
the face, is much smaller in size but has a rich structure [31] and a distinct shape [32]
which remains unchanged from the age of 8 to 70 years (as determined by Iannarelli
[33] in a study of 10,000 ears). It is, therefore, a very suitable alternative or
complement to the face for effective human recognition [33-37]. However, the reduced
spatial resolution, uniform distribution of color and sometimes the presence of nearby
hair and ear-rings make the ear very challenging for nonintrusive biometric
applications. Therefore, fusion of ear and face data in an efficient way is also a
challenging problem. In this research, we propose a multimodal biometric scheme by
combining the local features of face and ear biometrics in a computationally efficient
manner.

To evaluate our proposed multimodal biometric scheme, a hybrid neural network
consisting of BAM (bidirectional associative memory) and a perceptron with back
propagation is employed. The hybrid neural network is used and trained with the
combined local features to recognize the person. Once the person is identified,
authentication to a secure environment is granted.

1.2 Motivation
The interest of doing research on biometric recognition and authentication is very
significant due to the increasing demand of safety and security in different domains
including, secure access control, automatic surveillance, identifying suspicious people,
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theft and vandalism deterrence, entrance control in the restricted zone, preventing
criminal acts, and many more. This research aims to develop an efficient and secure
biometric scheme for person identification and authentication in security applications.
The target of this research is to combine multiple biometric traits to improve accuracy
and robustness of the biometric system.

Biometric authentication verifies or authorizes a person based on his unique
characteristics including face, ear, fingerprint, hand-geometry, palm print, iris, retina,
signature, voice, gait and keystroke [38]. Among these biometrics, human faces have
been widely used as the most distinctive key attributes for biometric authentication
due to their uniqueness, robustness, availability, accessibility and acceptability
characteristics. However, facial biometrics suffer due to the variations in pose and
expressions, use of cosmetics, hair styles, and changes in lighting conditions [39]. On
the other hand, human ear has become as a promising biometric trait in recent years
[9, 40]. The ear is quite attractive biometric candidate because, the shape of the ear is
unique and usually unaffected by variations of facial expressions, aging, anxiety, effect
of cosmetics uses or eye glasses [41]. However, due to its complex geometrical shape
and often being obscured by hair, ear-ring, head-cover and the similar, developing fast,
accurate and robust ear based biometric systems is still very challenging [42]. In order
to cope with these challenges and obtain a robust performance of the recognition
system, development of a multimodal biometric scheme by integrating face and ear
biometrics may be a good solution. In recent years, multimodal biometric systems are
found to be extremely useful and exhibit robust performance over the unimodal
biometric systems. We therefore, propose a robust and efficient multimodal biometric
scheme by combining face and ear recognition.
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1.3 Research Contribution
The key contributions of this research include:


A robust and secure multimodal biometric scheme is proposed using the fusion
of face and ear features.



Most of the existing biometric schemes use static biometric image for person
recognition. However, the proposed scheme is able to detect and extract the
biometrics from video image sequences.



We employ a robust fuzzy filter for denoising and enhancing the image frames.



A robust and efficient face detector is proposed for selecting the face region in
the image sequences. To detect the ear of the user from the facial images, we
employ a fast technique based on the AdaBoost algorithm.



For face and ear recognition, we develop two robust methods: (i) A fast stereo
algorithm for matching correspondence features in the probe and gallery
face/ear image sequences, and (ii) A hybrid neural network consisting of BAM
(Bidirectional Associative Memory) and Perceptron.



The features of the face and ear biometrics are combined to develop the
multimodal recognition scheme. Match-score level fusion (Steven Cadavid,
University of Miami) employed to combine the match scores obtained from
both the face and ear modalities. A hybrid neural network is used to recognize
and authenticate the person using the combined scores.



The low computation time required for human recognition and authentication
renders its suitability for real time applications.
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1.4 Structure of the Research
The outline of this work is ordered as follows. Chapter 2 presents a review of related
works for human recognition and authentication. In Chapter 3, we present the general
architecture of our proposed system. Experimental evaluations are reported in Chapter
4. Finally, Chapter 5 outlines the work plan.

In chapter 2, we describe the relevant biometric schemes using different biometric
characteristics. Researchers have developed a number of biometric schemes using
different biometric traits including face, ear, gait, voice, signature, fingerprint,
palmprint and their fusions.

In chapter 3, we present a robust biometric scheme using face recognition. Face
recognition is accomplished by means of matching facial local features between the
probe image (left or right face sequence) and the gallery face images within a database
using a robust and fast stereo matching algorithm. Stereo matching costs provides a
very robust measure of similarity of faces that is insensitive to illumination and pose
variations.

In chapter 4, we describe our proposed biometric scheme using ear recognition. For
ear recognition, the system first detects and extracts the ear region from the facial
image geometry. To detect the ear of the user from the facial images, we employ a fast
technique based on the AdaBoost algorithm. Similar to face recognition scheme, ear
recognition is accomplished by matching the ear data (probe) of an individual to the
previously enrolled (stored) ear data in a gallery database for verification and
recognition of the person. For ear recognition, we use local ear features and employ a
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fast stereo matching algorithm to compare the local features of the test (probe) ear
images with the local features extracted from the gallery ear images (ear database).

In Chapter 5, we describe a multi-modal biometric system by combining face and ear
modalities. The objective of this work is to demonstrate that superior performance can
be achieved by combining the ear and face modalities over employing either modality
independently. The system is comprised of two components: a robust face recognition
component and an efficient ear recognition component. ------

The remainder of this chapter resents a literary review of methods in face and ear
recognition. It is worth mentioning that a direct comparison between the performances
of different systems is difficult and can be misleading. This is due to the fact that
datasets may be of varying sizes, the image resolution and the amount of occlusion
contained within the ROI may be different, and some may use a multi-image gallery
for a subject while others use a single-image gallery.
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Chapter 2
BIOMETRIC RECOGNITION: A REVIEW

Biometric technologies are automated methods of verifying or recognizing the identity
of a living person based on his or her physiological or behavioral characteristics.
Automated recognition technologies based on individual's behavioral and
physiological characteristics are widely used in any security applications including
access control, surveillance, personal authentication, and identification. Biometric
systems provide access to physical spaces, information, services and other rights or
benefits. Hence, these systems use sensed traits to recognize individual's privacy, legal
and sociological factors. In this chapter, a review of the biometric recognition systems
is presented.

2.1 Introduction
Biometrics or Biometric technology is attracting so much interest to address the on
growing identity theft and security threats in our digital community. Biometrics is the
measurement and statistical analysis of human’s physiological and behavioral
characteristics, which can be used to recognize or identify individuals [43]. The term
biometrics is derived from the ancient Greek words ‘bio’ meaning life and ‘metrikos’
meaning to measure [44]. Biometrics is based on “who you are” rather than “what you
have” (e.g., an ID card) or “what you know” (e.g., a password). Biometric schemes
verify or recognize a person based on biometric characteristics of individuals in
security applications. Any human physiological or behavioral characteristic can be
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used as a biometric characteristic for personal identification [45]. A physiological
biometric would be identified by one's Face, Iris, voice, DNA or handprint. Behavioral
biometrics relates the behavior of a person, such as typing rhythm, gait, voice, hand
writing, etc. [46, 47]. A good biometric characteristic should possess the following
qualities [48, 49]:


Universality: which means that each person should have the characteristic;



Uniqueness: which indicates that no two persons should be the same in terms
of the characteristic;



Permanence: which means that the characteristic should not be changeable;



Collectability: which indicates that the characteristic can be measured
quantitatively.

Over the last few decades, several methods have been developed for biometric
recognition using different modalities such as, face and facial features, fingerprints,
speech, retinal pattern, gait and so on [50-52]. All these techniques however are not
suitable for biometric recognition. In recent years, multimodal biometric systems are
found to be extremely useful and exhibit robust performance over the unimodal
biometric systems [53]. In this research, we present a multimodal biometric scheme
by combining local features of face and ear biometrics in a computationally efficient
manner.

2.2 Biometric Recognition using Face
Human face plays an important role in person recognition in vision-based surveillance
system [54]. Facial recognition is a technique for automatically identifying or verifying
a person from an image or a video frame. Compared with other biometrics, face
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recognition has the potential to recognize uncooperative subjects in a non-intrusive
manner [55]. It has now become the most common and widely used means of biometric
identification [56, 57].

Facial recognition technology has been developed based on two arrangements: facial
metrics and eigenfaces [58]. Facial metrics relies on the measurement of the facial
features such as, eyes, nose, mouth. Eigenfaces refers to an appearance-based approach
to face recognition that seeks to capture the variation in a collection of face images and
use this information to encode and compare images of individual faces in a holistic (as
opposed to feature-based) manner. In the facial recognition technique, the system
captures the face image of the user by a camera or sensor and extracts the features from
the face. The features are then compared with one which is stored in a face database,
and if there is a match, the user’s face is identified.

The face recognition process generally consists of the following steps. The initial task
of facial recognition is to locate the face within the image sequence. Then the detected
face block is normalized and extracted. The facial features are then extracted from the
selected face block. Finally, the face is recognized.

A tremendous amount of research works has been done for automatic detection and
recognition of human face over the last couple of decades [59-60]. To name a few,
good surveys exist for illumination invariant face recognition [61], face recognition
across pose [62-64], video-based face recognition [65], and heterogeneous face
recognition [66], face recognition using multi-scale Local Binary Patterns (LBP) [67],
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Locally linear regression-based face recognition [68], and face recognition based on
Dual-Cross Patterns (DCP) features [69].

Facial recognition techniques mentioned above have some deficiencies. The
dependency on the light, resolution and facial expression reduces the accuracy of the
facial recognition [70]. We therefore, have employed facial edge features in
recognition process which are independent of the variation of pose and illumination.

2.3 Biometric Recognition using Ear
Biometric system using human ear is now considered as one of the most promising
solutions for the development of secure systems. Due to many practical applications
of this technology, there is currently an increasing demand of its applications in the
industry and community [71]. According to the surveys [72-75], most of the biometric
ear-based recognition approaches use either PCA (Principal Component Analysis) [7684] or the ICP algorithm [85] or their combination [86] for matching. Abaza et al. [87]
contributed an excellent survey on ear recognition. Their work covers the history of
ear biometrics, a selection of available databases and a review of 2D and 3D ear
recognition systems.

Yaqubi et al. propose a system employing edge features taken over multiple positions
and orientations [88]. The extracted features are classified using an SVN and a kNN
with recognition accuracy of 96.5%. Islam et al. [89] find local surface patches (LSP)
to select features for their system. PCA is then used to find the most descriptive
features in the LSP. The feature extractor repeats selecting LSP until the desired
number of features is found. The algorithm is evaluated using UND ear database. They
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obtain a recognition rate of 93.5%. However, the approach has not been tested with
pose variation and different scaling.

Wang et al. [90] employ different feature vectors in their method using seven moment
invariants. The feature vectors are used as the input for a back propagation neural
network which is trained to classify the moment invariant feature sets. Gutierrez et al.
[91] divide the detected ear regions into three equally sized segments. The upper
segment shows the helix, the middle one shows the concha and the lower part shows
the lobule. Each of these sub images is decomposed by wavelet transform and then fed
into a modular neural network (MNN).

Alaraj et al. [92] use PCA in their work for feature representation. The approach use a
multilayer feed forward neural network for classification of the PCA based feature
components. They have reported a rank-1 performance of 96%.

Choras [93] and Yuizono et al, [94] have proposed geometrical feature-based and
genetic local search-based approaches respectively. Both reported error-free
recognition but with smaller dataset containing high quality 2D ear images taken on
the same day and without having any hair or ear-ring. Hurley et al. [95] proposed the
force field transformation for ear feature extraction and claimed 99.2% recognition on
a smaller data set of only 63 subjects and without considering occlusions with earrings and hair.

The first ear recognition scheme verified with a larger database (415 subjects) was
developed by Yan and Bowyer [96]. They used an automatic ear detection scheme
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using the localization of the nose and the ear pit, active contour-based ear data
extraction and finally, matching with a modified version of the ICP. They achieved an
accuracy of 95.7% with occlusion and 97.8 % without any occlusion (with an Equalerror rate (EER) of 1.2%). The system does not work properly if the nose (due to pose
variation) or the ear pit (due to its covering with hair) are not clearly visible.

2.4 Multimodal Biometric Recognition
Over the recent years, many researchers have developed multimodal biometric systems
by integrating face, finger, hand, ear, gait and iris images [97-105]. Among these
biometric traits, the face and ear have become very popular due to their rich set of
distinctive features as well as the possibility of easy and nonintrusive acquisition of
their images [106]. There has been increasing research interest in using these two
biometric traits for identification and authentication purposes in the last few years.
However, the accuracy and the robustness required for real world applications are still
to be achieved.

Snelick et al [107] proposed a multimodal biometric system by combining finger print
and Face. Besbes et al [108] proposed a multimodal biometric system using
Fingerprint and Iris features. They used a hybrid approach based on Fingerprint
minutiae extraction and Iris template encoding through a mathematical representation.
Rattani et al [109] proposed a multimodal biometric system using Finger print and
Face. They used Scale Invariant Features Transform (SIFT), Fingerprint Verification
based on Minutiae matching Technique and Feature Level Fusion for the recognition.
They also presented multimodal biometric system based on the integration of face and
fingerprint traits at feature extraction level. Both fingerprint and face images were
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processed with compatible feature extraction algorithms to obtain comparable features
from the raw data. Islam [110] proposed a multimodal biometric system using Ear and
Face. They employed Iterative Closest Point (ICP) algorithm, Local 3D feature and
Principal Component Analysis (PCA). This approach was very fast and robust against
scale variations.

CUI et al [111] proposed a multimodal biometric system using Fingerprint and Finger
Vein. They applied MHD (Modified Hausdorff Distance) algorithm and Minutiae
extraction and matching based on ternary vector. They used score level fusion
technique. Kazi [112] proposed a multimodal biometric system using Face and
Signature. In this system, they used score level fusion techniques to enhance the
accuracy rate about 10%when compared with single Face/signature based biometric
system. Radha and Kavitha [113] proposed a multimodal biometric system using
Fingerprint and Iris. They employed PCA (Principal Component Analysis) and FLD
(Fisher Linear Discriminant) dimensionality reduction techniques for Biometric
recognition. Anzar and Sathidevi [114] proposed a multimodal biometric system using
Fingerprint and Voice. They used Leave-One-Out Cross Validation technique
(LOOCV) and Gaussian mixture model for score level fusion. The performance of the
approach is calculated under various noise conditions.
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Chapter 3
ARCHITECTURE OF A BIOMETRIC SCHEME

3.1 Overview
The proposed multimodal biometric scheme is consisted of the following steps: (i)
Acquisition of profile face and ear images, (ii) Face and ear data extraction and
normalization, (iii) Refinement, (iv) Features extraction, (v) Feature matching, and (vi)
Recognition. The general architecture of the proposed multimodal biometric system is
depicted in Fig. 3.1. The major components are demonstrated in this section.

Image
Acquisitio
n

Region
Detection
of the

Refineme
nt

Feature
Extraction

Off -line storage
of gallery features

DATABA

Matching

Recogniti
on

Fig. 3.1: General architecture of a biometric recognition scheme.

3.1.1 Image Acquisition
The first step of the biometric scheme is to capture the image sequences with
concerned biometric regions by sensors or camera. In this research, we use real time
images captured by a SONY VISCA camera and also use several existing standard
face and ear data sets prepared by the University of Essex [115-117], Yale Face
database [118], the University of Notre Dame (UND) [119], the University of Science
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and technology in Beijing (USTB) [120], and the Indian Institute of Technology, Delhi
(IITD) [121].

3.1.2 Biometric Region Detection and Normalization
To detect the face region from profile images we propose a fuzzy-rule based face
detector and we incorporate a standard AdaBoost based ear detector [122] for detecting
ear regions. The motivation behind the selection of these detectors are that they possess
high accuracy and speed. After detecting the biometric face and ear regions, the
corresponding features data are extracted. To ensure the whole regions are extracted,
we expand the detected biometric shape regions (face and ear regions) by an additional
20 pixels around each direction. The extracted biometric data varies in dimensions.
Therefore, we normalize the extracted biometric shape with uniform dimension of 160
by 140.

3.1.3 Refinement of Biometric Data
Once the biometric shapes (face and ear) are detected, we employ a fuzzy filter [123]
based on fuzzy-rules to remove all the spikes and holes from the extracted shape
regions. We propose this filter integrating the advantages of both median and average
filtering and it possesses high accuracy and speed. This filter employs fuzzy rules for
deciding the gray level of the pixels within a window in the image.

3.1.4 Feature Extraction
One of the crucial tasks in biometric recognition is the features extraction from the
biometrics. The local features are extracted from the face and ear data for matching ith
the one stored in the gallery database. We extract the edge features from the face and
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ear data, since the edge features are invariant to pose variation and illumination
changes. Moreover, local edge features can better handle occlusion.

Edge or gradient histogram corresponds to the spatial distribution of the edge features
in the image. The gradient of an image f(x, y) can be expressed by,
 f 


 x  G x 
f  
  G 
 f   y 
 y 

(3.1)

𝝏𝒇

where, 𝑮𝒙 = 𝝏𝒙 is the gradient in x direction, and
𝜕𝑓

𝐺𝑦 = 𝜕𝑦 is the gradient in y direction. The gradient direction can be calculated
by the formula:
𝐺𝑦

𝜃 = 𝑡𝑎𝑛−1 [𝐺 ]

(3.2)

𝑥

We use the Canny edge detector to extract the edge features from the ear data. The
gradient values are normalized to [0, 255].

3.1.5 Feature Matching and Recognition
For feature matching and biometric (face/ear) recognition, we propose two techniques
in this research: (i) a stereo matching algorithm and (ii) a hybrid neural network
algorithm. Using the proposed robust and fast stereo matching algorithm, person
recognition is accomplished by means of matching biometric features (from face/ear
and their fusion) between the probe image and the gallery images within a database.
The reason behind using stereo matching algorithm is that, stereo matching costs
provides a very robust measure of similarity of face and ear that is insensitive to
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illumination and pose variations. The details of the proposed stereo matching
technique is described in Chapter 5.
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Fig. 3.2: Architecture of the proposed hybrid neural network algorithm.

The proposed biometric scheme employing a hybrid neural network is consisted of
BAM (bidirectional associative memory) and a perceptron with back propagation. The
hybrid neural network is used and trained with the combined local features of the
biometrics (face and ear images) to recognize the person. Once the person is identified,
authentication to a secure environment is granted. The backpropagation algorithm is
used to train these networks. The extracted local features are fed into the neural
networks for training purposes. The architecture of the hybrid neural network is shown
in Fig. 3.2. The first layer receives the extracted features. This model uses a threelayer neural network. In the hidden layer(s), the neurons are fully connected to the
input and output layers.
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Chapter 4
IMAGE PRE-PROCESSING & ENHANCEMENT

Digital images are often polluted by noise during capturing and hence they may not
show the features or colors clearly. Image filtering removes the noise in an image and
improves the contrast to provide better input for various image processing applications.
This chapter proposes an efficient image filtering technique using fuzzy logic. The
proposed method employs fuzzy membership functions in order to replace the noisy
pixels based on the degree of membership of the neighboring pixels within a filter
mask. Experimental results confirm that our method is very effective and fast for
removing impulsive noise while preserving the small and sharp details in the image.

4.1 Introduction
Digital images are sometimes infected by a variety of noise sources such as, impulse
noise, Gaussian noise, speckle noise, quantization noise, shot noise and anisotropic
noise [124]. An image contaminated by noise can be modelled by,

g ( x, y)  f ( x, y)   ( x, y)

(4.1)

where, f(x, y) is the original image pixel, η(x, y) is the noise term and g(x, y) is the
resulting noisy pixel.

Image noise is an unwanted offshoot of image acquisition that adds spurious and
extraneous information. Thus, a prime task in image processing is to extract the
original information from the corrupted image. By image filtering some sort of
improvement or enhancement in images can be achieved. Therefore, one main
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objective of image filtering is eliminating the adverse noise from the image in order to
improve the contrast of information in images or make it clearer for better perception.
Image filtering can be very useful in many applications like image analysis, computer
vision, robot navigation, medical imaging, security surveillance, and so on.

Among all types of image noise, impulse noise is the most common type of noise that
usually occurs during image capturing or transformation through communication
channel. Unlike Gaussian noise, impulse noise does not affect every pixel in the image.
It can alter some bits or pixels of an image and turns a white spot into black or black
into white one. For example, if the image is infected by salt-and-pepper impulsive
noise, then the noisy pixels get either salt value (gray level 255) or pepper value (gray
level 0). In this paper, we focus on effective removal of impulsive noise from the
corrupted image, since most of the images are contaminated by this type of noise
during their acquisition.

Over the last couple of years, several filtering techniques have been developed for
removal of impulsive noise such as, median filter [125], adaptive median filter [126],
the weighted median filter [127], the center weighted median filter [128], the tri-state
median filter [129], the noise adaptive soft-switching median filter [130, 131].
Although these non-linear filters are useful for resisting the effect of impulsive noise
in the images, sometimes they fail to differentiate the fine details from the noise.
Consequently, they remove both the noise and the fine details from the image.
Therefore, filtering technique should be developed with the capability of dealing with
vague and uncertain information in the different regions of the image.
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In recent years, some researchers have developed fuzzy rule-based filtering techniques
that possess the ability of reasoning with vague and uncertain information. The fuzzy
filtering is able to reduce noise in a comprehensible way with expert knowledge and
is suitable for specific applications in complex scene analysis and object recognition.
Russo and Ramponi [132, 133] develop fuzzy rule-based systems for de-noising
corrupted image. They employ fuzzy rules using heuristic knowledge for smoothing,
sharpening and edge detection. Numerous de-noising techniques have been proposed
based on weighted mean filtering [134, 135]. A robust method for image filtering based
on fuzzy logic is proposed by Choi and Krishnapuram [136]. This method combines
the outputs of three different filters based on the local context. Some methods employ
fuzzy rules for image enhancement [137-139]. Peng and Lucke propose a hybrid fuzzy
filter combining the nonlinear filters and linear fuzzy weighted filters [140]. An
adaptive fuzzy system is proposed by Plataniotis et al. [141]. This approach is based
on fuzzy weighted average of the pixel values inside the filter window. The weight
vectors are determined adaptively using distance functions of the input pixels. These
fuzzy filters are able to outperform the linear mean and nonlinear median filters.

However, most of the fuzzy filtering techniques are not specifically designed for
impulsive noise and do not produce convincing results when applied to handle this
type of noise. Therefore, necessity of conducting research on this area receives
considerable attention. This paper presents a robust and efficient technique for denoising high density impulse noise using a fuzzy rule-based filter. Our proposed filter
provides superior performance compared to other similar filters in terms of both denoising and details preservation.
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The rest of the chapter is organized as follows. Section 4.2 describes the basics of
various filtering techniques. In Section 4.3, we present our proposed approach for
image filtering. Experimental results are reported in Section 4.4. Finally, Section 4.5
concludes the paper.

4.2 Filtering Techniques
4.2.1 Mean Filter
Mean filter or average filter is a linear filter that usually works as a convolution filter
[138]. It is one kind of low pass filter. The basic idea behind mean filtering is simply
to replace each pixel value in an image with the mean or average value of its
neighbours within the filter mask, including itself. Fig. 4.1 shows a 3×3 mean filter
mask. Here the constant multiplier in front of the mask is equal to the sum of the values
of its coefficients, as is required to compute an average.
1

1

1

1
1
1
1
1
1
1
9
×
Fig. 4.1 A 3×3 mean filtering mask.

The mean filtering results in an image with reduced “sharp” transitions in intensity
levels. On the other hand, edges are also characterized by sharp transitions in intensity
levels, so averaging filters have the undesirable sight effects that – they blur edges.

4.2.2 Median Filter
Median filter is a popular low-pass filter, attempting to remove noisy pixels while
preserving the edge intact [126]. Average filtering or Gaussian smoothing will tend to
blur edges because the high frequencies in the image are attenuated. However, median
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filters are great at preserving edges and eliminating impulse noise. The values of the
pixel in the filter mask are stored and the median or the middle value in the sorted list
(or average of the middle two if the list has an even number of elements) is the one
replaced into the output image. The median filtered image g(x, y) can be obtained from
the median pixel values in a neighborhood of (x, y) in the input image f(x, y), as defined
by the following formula:
 1 1

g ( x, y )  median    f ( x  i, y  j ) 
 i  1 j  1


(4.2)

For example, consider a 3x3 mask or window of pixels in a noisy image as shown in
Fig. 4.2. The gray value of a noisy pixel 58, will be replaced by the median pixel value
50 of the mask. The median filtering operation can be explained as follows. Here,
Unsorted array: 66 51 48 43 58 56 40 30 50
Sorted array:

30 40 43 48 50 51 56 58 66

Median of this array is: 50
So, the selected noisy pixel (gray level 58) is replaced with the median pixel (gray
level 50). Thus, all noisy pixels of the corrupted image can be replaced by median
filtering.
60 60 55 50 55

x

y

60 60 55 50 55

69 66 51 48 52

69 66 51 48 52

45 43 58 56 31

45 43 50 56 31

41 40 30 50 52

41 40 30 50 52

21 25 55 48 38

21 25 55 48 38

x

(a)

y

(b)

Fig. 4.2 Median filtering operation: (a) Before filtering, (b) After filtering.
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4.2.3 Weiner Filter
Weiner filtering is a linear filtering technique that estimates a desired random process
by linear time-invariant filtering of an image contaminated by additive noise [142].
This filter determines the minimum mean-square error between the estimated random
process and the desired process. That is, the minimum difference between the original
signal and the filtered signal.

4.2.4 Fuzzy Filter
Fuzzy filtering technique is based on gray level mapping into a fuzzy plane, using a
membership function [143]. The aim is to generate an image of higher contrast than
the original image by giving a larger weight to the gray levels that are closer to the
mean gray level of the image than to those that are farther from the mean. An image f
of size M×N and L gray levels can be considered as an array of fuzzy singletons, each
having a value of membership denoting its degree of brightness relative to some
brightness levels. For an image f(x,y), we can write in the notation of fuzzy sets:
f(x,y) =


xy

 xy / Ixy ; x=1,2,…., M and y =1,2,… ,N

(4.3)

where Ixy is the intensity of (x,y)th value and µxy is its membership value. The
membership function characterizes a suitable property of image like darkness,
edginess, textural property etc. and can be defined globally for the whole image or
locally for its segments.
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4.3 Proposed Fuzzy Filter
In this section we present our proposed filteringg technique for image de-noising using
Fuzzy logic. The proposed approach employs fuzzy rules for deciding the degree of
intensity level of the pixels within a small square window or mask. The algorithm
computes fuzzy membership functions in order to replace the noisy pixels based on
the degree of membership of the neighboring pixels within a filter mask. The degree
of fuzzy membership values are determined based on a ˄–shaped membership
function, as shown in Fig. 4.3. Our approach has the advantages of both median filter
and neighbourhood mean filter with fuzzy expert knowledge. The proposed fuzzy
filtering algorithm is illustrated as follows.
𝜇(𝐼)
1

0
Iavg

Imi

Ima

𝐼

x

n

Fig. 4.3 The membership function for the intensity levels of the pixels.
Algorithm Proposed fuzzy filter

1.

Select the pixels within a mask/window of size n×n pixels in the image and find:
(a) the average intensity value Iavg of the selected pixels,
(b) the minimum (Imin) and maximum (Imax) intensity levels.
2. Fuzzy membership value is assigned for the intensity levels using the ˄-shaped membership
function as follows:
if I  Imin or Imax
0,
1,
if I  Iavg

 I  Imin
 (I )  
, if Imin  I  Iavg
 Iavg  Imin
 Imax  I
, if Iavg  I  Imax

 Imax  Iavg

3. Intensity level with the highest membership value will be replaced at the centre position of the
window.
4. Repeat steps 1 to 3 for all pixels in the image.
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4.4 Experimental Results and Discussion
A Fuzzy rule-based filtering method has been proposed for removal of impulsive noise
from an image. The effectiveness of this approach has been justified with various
standard and real images of both gray scale and colour ones. Experiments are carried
out on a on a computer with 2.2 GHz Intel Core i5 processor and 4GB RAM. The
algorithm has been implemented using Visual C++. The real images are captured with
a SONY VISCA camera. Fig. 4.4 shows two test images with their histograms. The
colour image contains more information than the gray scale ones, as it has three colour
channels (Red, Green and Blue).

(a)

(b)

(c)

(d)

Fig.4.4 Histogram of images: (a) Gray image and (b) Histogram of the gray scale
image; (c) Color image and (d) Histogram of the color image.
The performance of our method is tested with various corrupted images at different
noise levels. We compare our method with numerous traditional and advanced filters
such as, Standard Average Filter, Standard Median Filter, Adaptive Median Filter
[126], and Fuzzy Filter [139]. The original image is noised by injecting salt-and-pepper
noise at different levels of noise density ranges from 10% to 60%. The visual
qualitative results for different filters are represented in Fig. 4.5 and Fig. 4.6 for gray
scale and colour images, respectively.
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To justify the effectiveness of our proposed algorithm, several quality measurement
variables like peak signal to noise ratio (PSNR) and mean square error (MSE) have
been estimated. Consider a M×N original image f(x, y), noised image f '(x, y), then the
measure of peak signal-to-noise ratio (PSNR) can be defined by the following formula:
PSNR = 10log10(2552/MSE) dB

(4.4)

and, mean square error (MSE) is given by,
MSE 

1
MN

N

  f ( x, y)  f ' ( x, y)
M

(4.5)

2

x 1 y 1

Fig. 4.7 and Fig. 4.8 demonstrate the comparison of PSNR between the proposed
method and other methods for the gray scale and colour images, respectively. Our
method acheives the highest PSNR value which confirms the superiority of this
algorithm. The proposed filtering method is capbable to remove high density impulse
noise from both gray scale and colour images. The proposed fuzzy filter works better
in case of gray scale images.

(a)

(b)

(c)

(d)

(e)

(f)

(g)

Fig. 4.5 Filtering results of different filers for a grayscale image: (a) Original gray scale image; (b)
Corrupted image by 20% impulse noise; (c) Standard Mean filtering; (d) Standard Median filtering;
(e) Adaptive median filtering; (f) Existing Fuzzy filtering; (g) Proposed Fuzzy filtering.
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We perform experiment in order to compare our filtering technique with other methods
in terms of computation efficiency. The results reported in Table 4.1 reveals that our
proposed filter requires less computation time comparable to other methods. Both
quantitative and qualitative measures confirm the robustness and effectiveness of our
proposed filter compared to other conventional and advanced filtering techniques in
terms of both de-noising and fine detail preservation.

(a)

(b)

(c)

(d)

(e)

(f)

(g)

Fig. 4.6 Filtering results for a typical color image: (a) Original color image; (b) Corrupted image by
20% impulse noise; (c) Standard Average/Mean filtering; (d) Standard Median filtering; (e) Adaptive
median filtering; (f) Existing Fuzzy filtering; (g) Proposed Fuzzy filtering.

Table 4.1. Comparisons of computation time
Filter

Gray scale image

Color image

SAF
SMF
AMF
EFF
Proposed

1.17 s
1.26 s
1.45 s
1.13 s
1.08 s

2.89 s
3.53 s
3.72 s
2.69 s
2.53
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SMF

AMF

PSNR (dB)

SAF

Percentage of noise

Fig. 4.7 Comparisons of various filters for gray scale image: (i) Standard Average/Mean Filter (SAF);
(ii) Standard Median Filter (SMF); (iii) Adaptive Median Filter (AMF); (iv) Existing Fuzzy Filter
(EFF); (v) Proposed Fuzzy Filter (PFF).
SMF

AMF

PSNR (dB)

SAF

Percentage of noise

Fig. 4.8 Comparisons of various filters for color image: (i) Standard Average/Mean Filter (SAF); (ii)
Standard Median Filter (SMF); (iii) Adaptive Median Filter (AMF); (iv) Existing Fuzzy Filter (EFF);
(v) Proposed Fuzzy Filter (PFF).

4.5 Conclusion
In this paper, an efficient and fast filtering technique has been proposed using fuzzy
logic. The fuzzy rule-based approach is a powerful method for formulation of expert
system in a comprehensive way. The effectiveness of the proposed filtering technique
has been tested using both gray scale and colour images with different noise density
level. Our filtering technique can preserve the small and sharp details in the image.
Experimental evaluations confirm the robustness and effectiveness of our proposed
filter compared to other conventional and advanced filtering techniques in terms of
both de-noising and fine detail preservation. This method will be very useful for
segmentation, registration, identification and sharpening of objects in a complex scene.
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Chapter 5
STEREO ALGORITHM FOR FEATURE
MATCHING AND RECOGNITION

5.1 Introduction
Stereo matching algorithms have attracted great importance in the field of computer
vision in order to acquire depth information of objects from a pair of stereo images,
called left and right image sequence [144]. Stereo algorithms are employed in 3D
reconstruction and modeling [144, 145], autonomous vehicles [146], robot navigation
[147], 3D urban and town planning [148, 149], obstacle detection [150], object
distance measurement [151], as well as many aspects of medical imaging [152].

Stereo algorithms deal with two major problems: one is the correspondence matchingin which features corresponding to the same entities are to be matched across the image
sequences and another is the reconstruction problem- in which stereo or 3D depth
information is to be reconstructed from the correspondences [144]. Fast and accurate
correspondence matching is the key issue in stereo algorithms since many factors such
as noise, distortion, reflection of light, lack of texture and occlusion may affect the
correspondence matching [153]. In this research, we are concerned about
correspondence matching, will not for deal with reconstruction issue.

According to the taxonomy developed by Scharstein and Szeliski [154], stereo
algorithms can be classified into two broad categories: local and global algorithms.
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The local algorithms [155-158], also referred to as window-based or area-based
algorithms only consider the intensity or color value of the pixels within a square
window for correspondence matching. These algorithms make cost aggregation and
consider implicit smoothness assumption. Cost aggregation is conventionally done
locally by summing matching cost within windows with constant disparity. However,
global algorithms [159-163] rely on explicit smoothness assumptions and exclude cost
aggregation step, rather carry out disparity solution on the basis of the minimization
of a global cost function taking into account the entire image. These algorithms
typically yield accurate and dense disparity measurements but exhibit very high
computational cost.

The extremely high computational time needed to calculate disparity or dense depth
information is the main obstacle on the way to practical applications of the stereo
systems. To reduce significant computing time in correspondence matching within the
stereo images is still an important criterion in stereo vision. To overcome the
limitations of the stereo correspondence algorithms this research proposes a fast and
robust window-based method for dense disparity estimation using fuzzy correlation
score.

5.2 Stereo Disparity Estimation
The key task underlying stereo algorithms is locating the correspondence points within
two image sequences. In a stereo imaging system, for any pixel in the left image we
can find a corresponding pixel in the right image in the same horizontal line according
to the epipolar geometry constraint [164]. In stereo imaging system, two views of a
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same scene are obtained by two cameras (left and right camera) placed in the same
lateral plane, as shown in Fig. 5.1.
Object

Z

Base line
Left Camera

(a)

Right Camera

(b)

Fig. 5.1 Stereo imaging system. (a) Stereo camera setup (b) An object pictured by two horizontally
aligned cameras placed in slightly different viewpoints separated by a small distance.

The difference in the coordinates of two corresponding pixels in two images refers to
the disparity d, shown in Fig. 5.2, which can be expressed by the following equation:
𝑑 = 𝑥𝐿 − 𝑥𝑅

Left image

(5.1)

Right image

(xR,(x
yRR,
) yR)

(xL, (x
yLL,
) yL)

d = xL – xR
Fig. 5.2 Pixel xR in the right image corresponds to the pixel xL in the left image. Their
coordinate difference in known as disparity.

The disparity d is inversely proportional to the depth z (or distance of the object point
from the camera position), which is given by,
𝑑=

𝑏𝑓
𝑧

(5.2)

where, b is the base distance between two stereo cameras, and f is the focal length of
the camera lens.
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In window-based stereo methods, the disparity is estimated by computing the window
costs as a measure of similarity between the corresponding pixels of the two stereo
images. To determine the correspondence or disparity of a reference pixel in the left
image, the window cost is computed for all candidate pixels in the right image within
a search range. The window cost or matching score or similarity score can be computed
using various statistical measures, such as: sum of absolute differences (SAD), sum of
square differences (SSD), or normalized cross correlation (NCC) [144]. We pick the
best window cost (minimum SSD/SAD or maximum NCC score) which provides us
correct corresponding pixel. The window cost WC (x, y, d) of a reference pixel at
position (x, y) in the left image with disparity d, can be computed using a window
centered at position (x, y) in the left image and a window centered at position (x+d, y)
in the right image, by using the following measures:
𝑊

𝑊𝑥
𝑦
∑𝑗=1
|𝑓𝐿 (𝑥 + 𝑖, 𝑦 + 𝑗) − 𝑓𝑅 (𝑥 + 𝑖 + 𝑑, 𝑦 + 𝑗)|
𝑊𝑐𝑆𝐴𝐷 (𝑥, 𝑦, 𝑑) = ∑𝑖=1

(5.3)

𝑊

𝑊𝑥
𝑦
∑𝑗=1
{𝑓𝐿 (𝑥 + 𝑖, 𝑦 + 𝑗) − 𝑓𝑅 (𝑥 + 𝑖 + 𝑑, 𝑦 + 𝑗)}2
𝑊𝑐𝑆𝑆𝐷 (𝑥, 𝑦, 𝑑) = ∑𝑖=1
𝑊

𝑊𝑐𝑁𝐶𝐶 (𝑥, 𝑦, 𝑑)

=

(5.4)

𝑊𝑦

𝑥∑
∑𝑖=1
|𝑓 (𝑥+𝑖,𝑦+𝑗)×𝑓𝑅 (𝑥+𝑖+𝑑,𝑦+𝑗)|
𝑗=1 𝐿
𝑊
𝑊
√∑𝑊𝑥 ∑ 𝑦 |𝑓𝐿2 (𝑥+𝑖,𝑦+𝑗)| ∑𝑊𝑥 ∑ 𝑦 |𝑓𝑅2 (𝑥+𝑖+𝑑,𝑦+𝑗)|
𝑖=1 𝑗=1
𝑖=1 𝑗=1

(5.5)

where 𝑓𝐿 (𝑥, 𝑦) and 𝑓𝑅 (𝑥, 𝑦) are the intensities of the pixels at a position(𝑥, 𝑦) in the
left and right images, respectively, 𝑊𝐶 (𝑥, 𝑦, 𝑑) is the window cost of a pixel at
position(𝑥, 𝑦) in the left image with disparity d, 𝑤𝑥 and 𝑤𝑦 are the window width and
height, respectively.

5.3 Proposed Stereo Matching Algorithm
The steps in the proposed stereo matching system are shown in Fig. 5.1. Our proposed
system consists of the following steps: (i) Input of the stereo image pair, (ii) RGB to
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Gray scale conversion, (iii) Initial disparity map, (iv) Let-right consistency checking,
(iv) Disparity refinement, and (v) Final disparity map. The captured stereo images are
RGB (Red, Green and Blue) color image and they require three times more
computation time and memory space compared to the grayscale ones. Therefore, we
first convert them into grayscale space in order to lessen the processing time. The key
features of our proposed stereo matching algorithm are as follows:


The proposed algorithm employs a new fuzzy correlation measure to compute
the window cost as a measure of similarity between the stereo images (left and
right scene) in order to find the correspondence points or disparity.



We employ diagonal masking to match the correspondence points where, only
the diagonal pixels of a mask or window is involved in window cost
calculation, which significantly reduces the computation time while preserving
the accuracy at a practical level.
Left image

Right image

RGB to Gray scale

RGB to Gray scale

Left Disparity Map

Right Disparity Map

Left-Right Consistency Checking

Disparity Refinement

Final Disparity Map

Exit

Fig. 5.1 Steps of the proposed stereo matching algorithm.
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5.3.1 Window Cost or Matching Score Calculation
In order to determine the correspondence pixels between two stereo images, we match
the windows of pixels on the same epipolar lines in the left and right image. In our
method, we assume that the pixels surrounded by a window possess approximately
equal disparity. Thus, the window cost for a pixel (x, y) in the left image having
disparity d is estimated by taking a window of pixels centered at (x, y) in the left image,
and placing a similar window of pixels centered at (x+d, y) in the right image and
computing the difference between these two windows using a correlation measure.

We assume that the diagonal pixels in a window possess very similar intensity to other
neighborhood pixels within the window. Therefore, in our algorithm we consider only
the diagonally neighbor pixels within the windows to be involved in window cost
calculation which achieves substantial reduction in computation time. Fig. 5.2 shows
a square window of 3×3 pixels centered at (x, y) where the diagonally neighbor pixels
marked a 1, will take part in correspondence matching.
1

0

1

0

1
(x, y)

0

1

0

1

Fig. 5.2 A square window of pixels of 3×3 size.
In this method, to estimate the window cost we incorporate a new fuzzy correlation
measure by modification of the standard NCC statistical measure which can be
expressed as,
𝑊𝑐 (𝑥, 𝑦, 𝑑) =

∑𝑥,𝑦∈𝑊 𝐹(𝑥,𝑦)|𝐼𝐿 (𝑥,𝑦)×𝐼𝑅 (𝑥+𝑑,𝑦)|
2 (𝑥+𝑑,𝑦)
√∑𝑥,𝑦∈𝑊 𝐹(𝑥,𝑦)𝐼𝐿2 (𝑥,𝑦)×∑𝑥,𝑦∈𝑊 𝐹(𝑥,𝑦)𝐼𝑅

(5.6)

where 𝐼𝐿 (𝑥, 𝑦) and𝐼𝑅 (𝑥, 𝑦) are the intensities of the pixels at position (x, y) in the left and
right images, respectively; and d is the disparity at position (x, y) in the left image. W
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is a square window. F(x,y) is the fuzzy measure corresponding to the pixel at position
(x, y), has Gaussian distribution which is proportional to fuzzy membership function:
𝐹(𝑥, 𝑦) = 𝑒𝑥𝑝( −

|𝐼𝐿 (𝑥,𝑦)−𝐼𝑅 (𝑥+𝑑,𝑦)|2
2𝜎2

)

(5.7)

where,𝜎is the standard deviation of all pixels within the window.

Our proposed stereo matching algorithm for disparity estimation is illustrated in the
following steps:
1.

For each pixel (x, y) in the left image, search the corresponding pixel in the right image
within a search range:
for 𝑑′ = −𝑑𝑚𝑎𝑥 to + 𝑑𝑚𝑎𝑥 do
if |𝑓𝐿 (𝑥, 𝑦) − 𝑓𝑅 (𝑥 + 𝑑′ , 𝑦)| < threshold then
Calculate 𝑊𝐶 (𝑥, 𝑦, 𝑑′ )
2. Find the disparity d such that, 𝑑 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑊𝐶 ( 𝑥, 𝑦, 𝑑′ )
3. Repeat steps 1 and 2 to calculate disparities and corresponding depth for all pixels in
the left image.

5.3.2 Initial Disparity Map
Using the proposed fuzzy correlation measure, we compute two initial disparity maps:
left disparity map DL and right disparity map DR. In order to estimate DL we consider
the left image as the reference image and, while for estimating DR we consider the
right image as the reference image. The disparity map D is computed by selecting the
appropriate disparity d for every pixel in the reference image such that,
𝐷(𝑥, 𝑦) = 𝑎𝑟𝑔𝑚𝑎𝑥𝑊𝐶 ( 𝑥, 𝑦, 𝑑)

(5.8)

5.3.3 Left-Right Consistency Checking
Both left and right disparity map i.e. DL and DR contain errors due to occlusions. We
attempt to eliminate these errors by performing a left-right consistency check. The best
disparity value is selected employing the following rules:
𝐷𝐿 , 𝑖𝑓𝐷𝐿 = 𝐷𝑅
𝐷={
𝑀𝐼𝑁(𝐷𝐿 , 𝐷𝑅 ), 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

(5.9)
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5.3.4 Refinement
The disparity estimation based on correlation measures assumes that the depth is equal
for all pixels within a correlation window. This assumption cannot be maintained at
depth discontinuities in the texture less regions. Consequently, object borders become
blurred and small details are removed. In order to refine the disparity image and
propagate the consistence disparity to the unstable regions due to occlusion and lack
of textures, we employ a fuzzy median filter [165] in this work.

5.4 Experimental Results and Discussion
In this section we evaluate the performance of our proposed algorithm and compare
with other stereo methods in terms of accuracy and execution time. We present the
processing results using standard rectified stereo images taken from Middlebury
dataset [166]. Experiments are carried out on a computer with 2.8 GHz Intel Core i7
processor. The algorithm has been implemented using Visual C++. The standard stereo
image pairs including, Tsukuba head, Cones, Venus and Teddy image pairs with their
ground truths are presented in Fig. 5.3.
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(a) Left image

(b) Right image

(c) Ground truth

Fig. 5.3. Standard stereo image pairs: Tsukuba Head (top), Cones (2nd raw), Venus (3rd raw)
and Teddy (bottom).

The input color images are first converted into gray scale space in order to increase the
computation efficiency. The ground truth images are histogram equalized for
visualization purpose. The size of the left and right view of both input image pairs is
384 × 288 (width × height) pixels and that of ground truth is 348 × 252 pixels. The
window cost is calculated with the new fuzzy correlation measure employing diagonal
masking strategy. The disparities are computed with a search range of –3 to +3 pixels
using a diagonal mask of size 5×5 pixels. We estimate these parameters empirically in
order to optimize quality of disparity results. The estimated disparity maps using
different stereo algorithms with standard stereo image pairs are shown in Fig. 5.4.
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(a) NCC

(b) SAD

(c) SSD

(c) Proposed

Fig. 5.4. Estimated disparity map for different algorithm using standard benchmarking
stereo image pairs: Tsukuba Head (top), Cones (2nd raw), Venus (3rd raw) and Teddy
(bottom).

The quantitative results of disparity estimation for different algorithms are reported in
Table 5.1. The accuracies shown in this table represent the percent of correct disparities
i.e. same value as that of ground truth. The table demonstrates that the highest
matching accuracy is obtained in case of the Tsukuba stereo image pair using a window
of size 11×11 which is about 95%. The disparities are computed with a search range
of –5 to +5 pixels for a threshold level of 20. Empirical analysis suggests that these
parameter values provide optimized results.
We compare our algorithm with some advanced related methods [146, 156, 164] in
terms of accuracy and execution time. The results are reported in Table 5.2
Experimental results reveal that, our proposed method achieves a substantial gain in
matching accuracy with less expense of computation time.
Table 5.1. Disparity marching accuracy (%) for different algorithms using standard
stereo image pairs.
Window
size
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NCC

SAD

Tsukuba Head
SSD

Proposed

NCC

SAD

Cones

79.2

81.8

85.6

92.7

78.4

81.2

77

82.8

84.9

87.2

93.8

80.7

11  11

85.1

86.6

90.4

95.6

84.8

Venus

SSD

Proposed

NCC

SAD

84.7

91.6

78.6

81.9

83.8

86.8

92.9

80.8

86.1

89.3

93.8

84.2

Teddy

SSD

Proposed

NCC

SAD

85.1

88.7

78.8

81.4

84.9

89.8

84.1

87.3

92.5

80.4

84.7

86.8

91.9

86.9

89.6

94.1

83.9

85.9

88.6

93.5

Table 5.2. Comparisons of marching accuracy and computational time
Method
Convolution NN [19]
Linear Matching [4]
Large-scale [12]
NCC
SAD
SSD
Proposed Method

Matching
Accuracy
(%)
97.4
96.37
98
79.2
81.8
85.6
92.7
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Computation Time (second)
100
15
0.96
0.82
0.47
0.65
0.28

SSD

Proposed

Experimental evaluation shows that the matching accuracy boosts up with the increase
of the size of the window, while computation efficiency decreases. However, our aim
is to make a tradeoff between computation efficiency and accuracy so that we can
employ our algorithm in real time applications. Therefore, we try to reduce the
computation time significantly while keeping the accuracy to a practical stage. Fig. 5.5
shows the plot of computational time for different window size. Empirically we find
that a window of size 7×7 pixels is a good choice on the basis of both computational
speed and matching accuracy. Empirically we find that employment of the fuzzy filter
is very effective for disparity refinement in case of using correlation methods, since
correlation based matching causes blurring in the less textured and half occluded
regions. Experimental results confirm that our proposed method provides better
performance comparable to the other similar methods making a justifiable trade-off
between matching accuracy and computation time which renders its suitability for real

Computational cost
(ms)

time applications.
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Fig. 5.5 Computation time vs. Window size.

5.5 Conclusion
In this paper, we propose a fast disparity estimation algorithm based on correlation
matching with a pruning proposal. The effectiveness of this algorithm has been
justified using standard benchmark stereo image datasets. Experimental results
confirm that we can reduce the corresponding matching load significantly using the
pruning technique while achieving a substantial matching accuracy. We investigate
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the effects of different window cost functions for different stereo image pairs. We
believe that this proposed method will be useful for many applications where a tradeoff between computation efficiency and correspondence matching accuracy is
essential. Our next target is to improve the algorithm to increase matching accuracy.
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Chapter 6
PROPOSED BIOMETRIC RECOGNITION
USING FACE

6.1 Introduction
Biometric recognition and authentication have been gaining popularity for providing
privacy and security in many applications including secure access control, surveillance
systems, user identification and many more. This chapter proposes a robust scheme
for biometric recognition by analyzing and interpreting facial image features. Human
face has become as the key attribute for biometric recognition and authentication over
the recent years due to its uniqueness and robustness. Our system focuses on efficient
detection and recognition of user’s face for precise authentication. The facial features
of a user are compared with a face database in order to perform matching for
authentication and authorization. The proposed system estimates the face by analyzing
skin color components in the facial image. The facial edge features are then extracted
from the detected face skeleton. For matching the facial features and recognizing the
user, we use two approaches: (i) A stereo matching algorithm to match the
corresponding facial features between the probe and gallery face databases, and (ii). A
hybrid neural network to train and classify the extracted facial edge features to
recognize the user by comparing the facial features of the probe images with the gallery
images. Once the user is identified, authentication is granted. Experimental evaluation
demonstrates that our proposed system provides better performance meeting accuracy
requirements and less computation time. Compared with other biometrics, face
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recognition has the potential to recognize uncooperative subjects in a non-intrusive
manner. Biometric identification using face has received significant attention in the
application domain of security applications since face comparison is a relatively less
expensive operation and robust for identification.

The proposed biometric recognition scheme using face generally consists of the
following steps: (i) The initial task of facial recognition is to locate the face within the
image sequence. (ii) Then the detected face block is normalized and extracted. (iii)
The facial features are then extracted from the selected face block, and (iv) Finally, the
face is recognized.

Although, a tremendous amount of research works has been done for automatic
detection and recognition of human face, but they suffer from several deficiencies. The
dependency on the light, resolution and facial expression reduces the accuracy of the
facial recognition. We therefore, employ local edge features in recognition process
which are independent of the variation of pose and illumination. Biometric schemes
for human recognition usually require a combination of various techniques, which span
across face tracking or locating, face detection, and face recognition.

6.2 Proposed Biometric Recognition Scheme using Face
In this work, we propose a robust approach for recognizing humans from the image or
video sequences in security applications. The recognition process comprises of
different techniques including: human face localization, detection and identification.
Human face localization is accomplished by searching whether there is a face in the
image or video sequences. In case of using video sequences, the initial step starts with
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locating the object in the video by using a background subtraction algorithm. A face
detector is then employed to detect the human face in the image or video sequence. In
this work, we propose a novel face detection algorithm employing fuzzy rules. The
system then detects and extracts the face regions from the face profile images. Then
the extracted face regions are normalized. The face sequences are pre-processed with
a fuzzy filter [123] for de-noising and enhancement. The details and working principal
of the proposed fuzzy filter has been described in Chapter 3.

Finally, human

recognition and authentication is accomplished by means of a fast stereo matching
algorithm or with a hybrid neural network scheme. Prior to recognition, we build a
gallery of natural face images, captured by a Sony Visca camera in different lighting
conditions and pose variations. We also test our algorithm with standard facial
databases [115-121]. The general architecture of our scheme is represented in Fig. 6.1.
We can summarize our proposed face biometric recognition system with the following
steps:


Build a gallery of face images of different people with different lighting
conditions and pose variations.



Capture the image or video sequences (to test with the natural face images).



Detect the human faces using a face detector.



Pre-process the extracted face sequences with a fuzzy filter.



Run a stereo matching algorithm for human recognition and authentication.
Identify the probe image by comparing it with the galley images that provides
the best matching score.



Before stereo matching, we have to rectify the face images. Rectification is
done between the probe and gallery face image for accurate recognition.
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Input Image
Sequence

Pre-processing

Human Face Detection

Features Extraction

Face Database
Feature Matching

Face/User Identification

Authentication

Fig. 6.1 Architecture of the proposed face biometric system.

6.2.1 Object Detection from the Video Sequence
Object detection is the first stage in the most video-based recognition systems. Two
approaches can be used for object detection in video sequences: background
subtraction and salient motion detection [167]. The background subtraction method
assumes a stationary background and treats all changes in the scene as objects of
interest. On the other hand, the salient motion detection technique is a complementary
approach to background subtraction, which assumes that a scene will have many
different types of motion, of which some types are of interest from a surveillance
perspective. The background subtraction module combines evidence from differences
in color, texture, and motion. However, the salient motion detection approaches the
problem from a motion filtering perspective.
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In this work, we develop a program to detect human object in the video scenes adopting
the continuously adaptive mean shift (CAMShift) algorithm [168]. The CAMShift
algorithm is the improved version of the earlier mean shift algorithm [169]. The
CAMShift algorithm differs from the mean shift algorithm in such way that the
CAMShift algorithm is based on continuously adapting probability distributions
whereas the mean shift algorithm uses static distributions, which are not usually
updated based on the changes in size, shape, or color of the object. The CAMShift
algorithm detects an object using color histograms. This algorithm extracts the hue
color components from the selected cluster of the image. The algorithm tracks the
object from the consecutive video frames using the color histograms. However, the
CAMShift algorithm has a limitation that it uses only the hue components for color
segmentation. As aresult, unless the object to be tracked is not only a single shade,
then the results will likely be suboptimal. To cope with this problem, we simply
extended our segmentation proposal to compute a 2-D histogram using both the hue
and saturation components of the HSV color space.

6.2.2 Face Region Detection
Human face plays an important role in vision-based surveillance system for person
tracking and recognition. Face detection is concerned with determining the part of an
image which contains face. In the last couple of years, several techniques have been
developed for face detection, which includes: geometric modeling, genetic approach,
neural network, principal component analysis, color analysis neural networks,
adaboost, support vector machine, convolutional neural networks and so on [170-180].
Face detection is influenced by variations in pose, expressions, lighting conditions,
locations, orientation, occlusions, and backgrounds. Hence, proper face detection is
crucial for accurate detection and recognition of human. We therefore, propose a face
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detector algorithm based on fuzzy rules which is robust and efficient to detect and
extract the face regions in the image frames. Fig. 6.2 shows some face images with
variations in pose, facial expression, and illuminations. The images are taken from
Yale Face Database [118].

Fig. 6.2. Face images with different expressions, poses and illuminations.

According to a survey done by Yang et al. [181], face detection methods are
categorized into four groups: (i) template matching, (ii) appearance-based, (iii)
knowledge-based, and (iv) feature invariant method. Template matching algorithms
utilize specific face templates to detect a face in the image. Appearance-based
techniques perform face detection by learning with a set of face images. Knowledgebased techniques employ a set of distinct rules to detect the face. Feature invariant
techniques determine some features for finding the faces in the image. These
techniques are robust towards variations in appearance, pose and illumination.

To detect and extract the face regions from the image frames, the proposed face
detection technique use skin colour segmentation. The face skeleton is detected from
the largest connected skin colour area based on the colour histogram. Our face
detection approach considers the frontal view of the face images. The processing steps
in the proposed face detection algorithm are shown in Fig. 3.
Input
Image

RGB Color
Extraction

Skin-like Region
Segmentation

HSV Color
Conversion

Largest Connected
Area Segmentation

Fig. 6.3 Block diagram of the face detection method.
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Face
Area

6.2.3 Color Segmentation
Face detection is achieved by means of skin color segmentation. This section presents
a color segmentation approach for determining the face region in a scene. The input
sequence is typically a RGB color image. However, The RGB color space does not
consider the luminance effect on skin color which may provide erroneous results. It
has weakness in representing shading effects or rapid illumination changing and hence
face detection may fail if the lighting condition changes from image to image [182].
Therefore, we use a combination of HSV and YCbCr model for color segmentation in
face detection.

HSV Color Model:
The HSV color model consists of three color components: Hue, Saturation and Value.
The hue component represents various colors with an angle ranges from 0 degrees to
360 degrees. Hue values correspond to the shade or tint of red, yellow, green, cyan,
blue and magenta starting at 0, 60, 120, 180, 240, 300 degrees, respectively. Saturation
refers to the purity of a color. It corresponds to the amount of gray in the color that
ranges from 0% to 100%. Value corresponds to the brightness or luminance of a color.
It represents color in conjunction with saturation ranging from 0% to 100%. The
conversion of RGB to HSV color space can be accomplished by the following
equations [183]:
𝐻1 = 𝑐𝑜𝑠 −1 {

1
[(𝑅−𝐺)+(𝑅−𝐵)]
2
√(𝑅−𝐺)2 +(𝑅−𝐵)(𝐺−𝐵)

}

(6.1)

where, H = H1 if B ≤ G; otherwise, H = 360o - H1; ranging from 0 to 2π.
𝑆=
𝑉=

𝑚𝑎𝑥(𝑅,𝐺,𝐵)−𝑚𝑖𝑛(𝑅,𝐺,𝐵)
𝑚𝑎𝑥(𝑅,𝐺,𝐵)

𝑚𝑎𝑥(𝑅,𝐺,𝐵)

(6.2)
(6.3)

255

where R, G, B values exist within the range from 0 to 255.
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From iterative experimental results, it is found that we can segment skin color from a
color scene considering the thresholds with hue: 00 ≤ Hface ≤ 500, and saturation: 0.20

Distribution of color bins

≤ Sface ≤ 0.68.

(a) Original image
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(b) Hue histogram of the color image
Fig. 6.4 Hue histogram of a typical color image.

YCbCr Color Model:
YCbCr color model segments the image into luminance and chrominance components.
Luminance is the amount of light. It is encoded in the Y and the blueness and the
redness are encoded in CbCr. The skin portion of an image is extracted using
chrominance values. The conversion from RGB to YCbCr color space can be done by,



 0.148  R  0.291  G  0.439  B  128 

 0.439  R  0.368  G  0.071  B  128 


Y  0.257  R  0.504  G  0.098  B  16
C
b
C

r

(6.4)

The threshold value for the skin color is empirically found as,
(140  C r  160 ) and (105  Cb  140 )

6.3 Proposed Face Detection Algorithm

50

350

Hue

(6.5)

After colour segmentation, the extracted H, S, Y, Cr and Cb components are analysed
for detecting the face region using fuzzy inference rules. We employ Mamdani-style
fuzzy inference rules [184] to categorize the pixels as face or non-face one. The fuzzy
membership values are decided based on a π-shaped membership function, as shown
in Fig. 6.5.
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Fig. 6.5. Fuzzy membership function.

The fuzzy rule-based face detection algorithm is demonstrated below:
1.

Input RGB image.

2.

Convert RGB image into HSV and YCrCb color space.

3.

Select upper and lower bounds of H, S, Y, Cr, Cb values for skin color. Pixels
that lie within the skin color bounds are assigned to their membership values in
the interval [0,1], using a π-shaped membership function. The pixels that are
outside the bounds are set to the membership value 0.

4.

Determine the face-like regions based on the following rules:
a)

IF H is Extremely skin like and S is Extremely skin like THEN the pixel is a face pixel

b) IF H is Extremely skin like and S is Skin like THEN the pixel is a face pixel
c)

IF H is Extremely skin like and S is Moderate skin like THEN the pixel is a face pixel

d) IF H is Skin like and S is Extremely skin like THEN the pixel is a face pixel
e)

IF H is Skin like and S is Skin like THEN the pixel is a non-face pixel

f)

IF H is Skin like and S is Moderate skin like THEN the pixel is a non-face pixel
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g) IF H is Moderate skin like and S is Extremely Skin like THEN the pixel is a face pixel
h) IF H is Moderate skin like and S is Skin like THEN the pixel is a non-face pixel
i)

IF H is Moderate skin like and S is Moderate skin like THEN the pixel is a face pixel

j)

IF Cb is Extremely skin like and Cr is Extremely skin like THEN the pixel is a face
pixel

k) IF Cb is Extremely skin like and Cr is Skin like THEN the pixel is a face pixel
l)

IF Cb is Extremely skin like and Cr is Moderate skin like THEN the pixel is a face
pixel

m) IF Cb is Skin like and Cr is Extremely skin like THEN the pixel is a face pixel
n) IF Cb is Skin like and Cr is Skin like THEN the pixel is a non-face pixel
o) IF Cb is skin like and Cr is Moderate skin like THEN the pixel is a non-face pixel
p) IF Cb is Moderate skin like and Cr is Extremely skin like THEN the pixel is a face pixel
q) IF Cb is Moderate skin like k and Cr is Skin like THEN the pixel is a non-face pixel
r)

IF Cb is Moderate skin like and Cr is Moderate skin like THEN the pixel is a face pixel.

5.

Repeat Step 4 until all pixels are processed and the face area is detected.

6.

End

6.4 Face Image Extraction
The detected face regions are cropped and registered with a dimension of 160x140
pixels. The face blocks are then used in correspondence matching for recovering depth
information.

6.5 Preprocessing and Enhancement of Face Images
In real time vision systems, there may be significant amount of noise in the captured
video scenes because of poor contrast and low resolution due to illumination changes.
For this reason, we employ a fuzzy filtering technique for enhancing the captured
scenes. The proposed approach employs Fuzzy rules for deciding the degree of
intensity level of the pixels within a small square window or mask. The algorithm
computes fuzzy membership functions in order to replace the noisy pixels based on
the degree of membership of the neighboring pixels within a filter mask. The degree

52

of fuzzy membership values are determined based on a ˄–shaped membership
function. The proposed fuzzy filtering algorithm is described in Chapter 3.

(a) Original image

(b) Refined image

(c) Histogram equalized image

Fig. 6.6 Pre-processing of face images.

6.6 Face Image Rectification and Camera Calibration
Prior to the stereo matching operation, real time face images are rectified. Rectification
allows the use of epipolar geometry environment where the epipolar lines are
horizontal i.e., parallel to the lines of the image sequences [185]. In order to recognize
a person using stereo matching algorithm, we perform rectification between probe face
image and gallery image.
In epipolar geometry, any point lying on an epipolar line in the reference image (i.e.,
left image) corresponds to a point lying on the same epipolar line in the target image
(i.e., right image). After rectification of the two face images, the matched points have
necessarily the same coordinate in the both images. Therefore, in case of searching for
corresponding points in two images, it is only necessary to search in the same epipolar
line, reducing a 2D search space to 1D. In order to achieve rectification, we adopt the
algorithm proposed by Fusiello et al. [186].
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Before rectification, offline camera calibration is accomplished. Calibration is a
technique to estimate the extrinsic and intrinsic parameters of each camera. The camera
parameters are required for rectification purpose. In this paper, we employ a camera
calibration method proposed by Zhang [187].

6.7 Feature Extraction
Extraction of distinctive invariant features from images are very crucilal for reliable
matching between different views of an object. Image matching can find
correspondence points or features between two images of an object which are useful
for estimating the location or positional data of the object. In this work, we use the
Scale Invariant Feature Transform (SIFT) feature detector and descriptor algorithm
[188] to extract the key points or features in the face image sequences. SIFT algorithm
extracts distinctive features from images that are invariant to image scale and rotation,
and robust to noise. The SIFT algorithm consists of four stages: scale-space extrema
detection, keypoint localization, orientation assignment and keypoint descriptor.
A) Scale-space Extrema Detection
The first stage of computation searches over all scales and image locations. It is
implemented efficiently by using a Difference-of-Gaussian (DoG) function to identify
potential interest points that are invariant to scale and orientation.
The scale space of an image is defined as a function, L(x, y, σ), that is produced from
the convolution of a variable-scale Gaussian, G(x, y, σ), with an input image I(x, y),
given by,
𝐿(𝑥, 𝑦, 𝜎) = 𝐺(𝑥, 𝑦, 𝜎) ∗ 𝐼(𝑥, 𝑦)
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(6.6)

Where, * is the convolution operation in x and y, and
𝐺(𝑥, 𝑦, 𝜎) = (1⁄2𝜋𝜎 2 )𝑒 −(𝑥

2 +𝑦 2 )⁄2𝜎 2

(6.7)
To detect location and scales of keypoints using scale space extrema in the DoG
functions with different values of σ, the DoG function is convolved with the image in
scale space separated by a constant factor k, given by,

D( x, y, )  [G( x, y, k )  G( x, y, )]  I ( x, y )
 L( x, y, k )  L(( x, y, ))

(6.8)

In order to detect the local extrema (i.e., maxima and minima) of G(x, y, σ), each
sample point is compared to its eight neighbors in the current image and nine neighbors
in the scale above and below, as shown in Fig. 6.8.

Fig. 6.8. Maxima and minima detection in the difference-of-Gaussian image.
B) Keypoint Localization
At this stage, the location of each candidate point is determined. Keypoints are selected
based on measures of their stability. Interpolation is done to find the exact location of
the candidate features. The points that are in areas of low contrast or those that are
localized along edges are eliminated. Thus, the number of features is reduced in this
stage.
C) Orientation Assignment
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In this stage, the orientations of key points are determined based on local image
gradient. The gradient magnitude and direction at each image sample point in a region
centered at the key point is calculated by,
m( x, y )  ( L( x  1, y )  L( x  1, y )) 2  ( L( x, y  1)  L( x, y  1)) 2

 ( x, y )  tan 1 (( L( x, y  1)  L( x, y  1)) /( L( x  1, y )  L( x  1, y )))

(6.9)
(6.10)

Where, m(x, y) and ϴ(x, y) represent the magnitude and direction of gradient at image
point (x, y).
The gradient directions of the neighborhood pixels around the key point are added to
an orientation histogram with 36 bins. The values in the neighborhood are Gaussian
weighted, so those nearer the center have a greater effect on the resulting orientation.
D) Keypoint descriptor
A key point descriptor is created by computing the gradient magnitude and orientation
at each image sample point in a region around the keypoint location. These samples
are then accumulated into orientation histograms summarizing the contents over 4×4
subregions with 8 orientation bins in each. Therefore, the feature vector has 4×4×8 =
128 elements (values). These are transformed into a representation that allows for
significant levels of local shape distortion and change in illumination. Fig. 6.9 shows
the visual representation of the keypoint descriptor.

Fig. 6.9 Visual representation of the keypoint descriptor.
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6.8 Proposed Stereo Matching Algorithm for Feature Matching
Many approaches have been proposed to match corresponding features between two
images. In this work, we employ a fast and robust stereo algorithm to match the
corresponding features between the two face image sequences. Stereo algorithms can
be used to localize an object by estimating the 3D depth information of the object from
its two image sequences. The proposed stereo algorithm compares two face images to
extract the depth information by matching correspondence features between the face
sequences and estimates the real position and motion behaviour of the human.
The proposed stereo algorithm for feature matching and location estimation of the
object is represented as follows. Once the disparity is computed, the depth or location
of the object can be obtained and tracked.

Algorithm Proposed Stereo matching algorithm
1. For each key point (x,y) in the left image, search the corresponding point on same epipolar
line in the right image within a search range employing a square window:

for𝑑′ = −𝑑𝑚𝑎𝑥 to + 𝑑𝑚𝑎𝑥 do
if|𝑓𝐿 (𝑥, 𝑦) − 𝑓𝑅 (𝑥 + 𝑑 ′ , 𝑦)| < threshold (𝛿) then
Calculate 𝑊𝐶 𝑆𝐴𝐷 (𝑥, 𝑦, 𝑑 ′ )
2. Find d such that, 𝑑 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑊𝐶 𝑆𝐴𝐷 (𝑥, 𝑦, 𝑑 ′ )
Calculate two best matching score 𝑊𝐶 1 (𝑥, 𝑦, 𝑑 ′ ) and 𝑊𝐶 2 (𝑥, 𝑦, 𝑑 ′ )
3. Refinement: Calculate the ration, R = 𝑊𝐶 1 (𝑥, 𝑦, 𝑑′ ) / 𝑊𝐶 2 (𝑥, 𝑦, 𝑑′ )
4. If R<T, then accept the matching, otherwise discard.

6.9 Human Recognition
In order to perform human recognition, we employ the stereo matching algorithm since
stereo matching cost is robust to pose variations. We can use the stereo matching cost
as a measure of similarity between two face images (the probe and the gallery face
image). In the process of computing the correspondences between scan lines in two
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images, a stereo matching cost is optimized, which reflects how well the two images
match.

When we match a probe image to a gallery images using our proposed stereo
algorithm, we obtain different window costs. We pick the best matching scores and
estimate a normalized (average) matching cost for every pair of reference (the probe)
and target (the gallery face image) images, by using the following equation:
𝐶(𝐼𝑃 , 𝐼𝐺 ) =

∑𝑛
𝑖=1 𝑊(𝐼𝑃,𝑖 ,𝐼𝐺,𝑖 )
∑𝑛
𝑖=1|𝐼𝑃,𝑖 |+|𝐼𝐺,𝑖 |

(6.11)

where C is the normalized window cost for the image pair: the probe and a gallery face
image. Thus, we compute normalized costs for all pair of images by comparing the
probe with all gallery images. We then identify the gallery face image that provides
best similarity measure such that,
Similarity, S = max{Cn (IP,IG)}

(6.12)

where, Cn refers to the normalized cost of nth image pair, n = 1 … N; and N denotes
the total number of images in the gallery. The best match for recognition is when,
S>T

(6.13)

where, T is a predetermined thresholding and is set to 0.6 by empirical evaluation.

6.10 Experimental Evaluation
The verify the effectiveness of the proposed scheme, we perform experiment using
different real time image sequences captured by a SONY camera in real-time
environment with different positions, expressions and lighting conditions.
Experiments are carried out on a computer with 2.2 GHz Intel Core i5 processor and
4GB RAM. The algorithm has been implemented using Visual C++.
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6.10.1 Person Recognition with Stereo Matching Algorithm
The human object is first located in the video image sequences by using a standard
background subtraction technique and the face regions are detected employing our
proposed face detector. In surveillance and access control security applications, the
human should appear his face before the camera system for allowing access to the
entrance. We therefore consider the frontal view of the human faces. The detected face
regions are extracted and registered with a dimension of 160x140 pixels. The face
images are then pre-processed through a fuzzy filtering technique for de-noising and
enhancement. After pre-processing of the face sequences, they are fed into the stereo
matching algorithm for correspondence matching. We compute the similarity measure
or window cost by comparing the left face image as probe with the gallery face images
by using stereo matching that provides the best matching score.
The detected and extracted face images from the image sequences are analyzed to
demonstrate the feasibility of the proposed algorithm for correspondence features
matching. The face detection and feature extraction results are depicted in Fig. 6.10.
Images of different persons are taken at different environments both in shiny and
gloomy weather. We capture images with different expressions, pose, orientation,
structural components and illumination. The system can also cope with the problem of
partial occlusion. Our system demonstrates better performance in case of the frontal
face images in simple background while provides worst results for the images in
complex background. The quantitative results for the fuzzy-rule based face detection
method are reported in Table 6.1.
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(a)

(b)

(c)

Fig. 6.10 Face detection process: (a) the input image frame, (b) detected face image, and
(c) extracted and normalized face block.

60

.Table 6.1 Performance of the face detection algorithm for real image sequences
Type of Face image

Accuracy

Frontal

98.52

Tilted

96.35

Partial Occluded

93.1

Complex Background

87.46

The feature matching results for different matching algorithms are reported in Table
6.2. We estimate the feature matching accuracy, FPR (false positive rate) and average
computation time to match an image pair. Our proposed corresponding matching
algorithm has a minimum false positive matching rate compared to other algorithms.

Table 6.2. Comparisons of matching accuracy and computational time

Method

Matching

FPR (%)

Accuracy (%)

Computation
Time (second)

NCC

91.2

6.3

0.82

SAD

94.7

4.7

0.47

SSD

95.6

4.3

0.65

Proposed Stereo Algorithm

98.3

1.2

0.28

6.10.2 Person Recognition with Hybrid Neural Network
In order to recognize a person, we use a hybrid neural network to compare the key
features extracted from the test face image sequences with the features of gallery
database. The hybrid neural network is consisted of a bidirectional associative memory
(BAM) and a multilayer backpropagation neural network (BPNN). The architecture of
the hybrid neural network is shown in Fig. 6.11.

The BAM is used for dimensional reduction of the extracted feature matrix to make
the recognition faster and more efficient and the BPNN is used to be trained with the
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extracted face features to recognize the user’s face and authenticate the user based on
the face biometric. BAM is a type of recurrent neural network introduced by Bart
Kosko in 1988 [189]. There are two types of associative memory, auto-associative and
hetero-associative. BAM is hetero-associative which means given a pattern it can
return another pattern which is potentially of a different size. A BAM contains two
layers of neurons. The first layer is the BAM input layer which receives the extracted
face features. The number of nodes in this layer is, equal to the dimension of the feature
vector incorporating the extracted features. The BAM reduces the dimension of
features and its output is fed into the backpropagation neural network (BPNN). The
number of nodes in the BPNN output layer equals to the number of individuals faces
the network is required to recognize. The number of epochs for this experiment was
40,000 and the minimum error margin was 0.0015.
Hidden Layers

BAM

●
●

Outputs (yk)

Inputs (xi)●
●
●
●

BAM

●
●
●

BPNN

Fig. 6.11. Hybrid neural network for biometric face recognition.

For recognition purpose, we create a database with 50 face image pairs taken from
video sequences. Thus, a total of 100 image sequences are used in training and testing.
We generate the training and test data sets with the extracted face features. The number
of features obtained from the face datasets is 935 features. We therefore select 100
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correct matched and 50 unmatched features to train the the neural network. In the
training phase, a training set of key features is provided to the system. The learning
algorithm trains the neural net classifier. The classifier learns from the labelled data
samples. In the testing phase, a set of new features, which are used for testing training
phase are fed into the classifier. With the standard face image datasets, our proposed
recognition algorithm achieves a 97.3% accuracy.

In order to compare the recognition accuracy with other similar standard methods, we
also perform experiments with standard face databases (Face 94, Face 95 and Face 96)
of the University of Essex [115-117] with different poses and illuminations. Fig. 6.12
demonstrates some sample images of these face databases. We compare our proposed
algorithm with other existing methods including, principal component analysis (PCA)
[190], Gabor [191], LBP [192], and DCP [193]. To validate the classifier, we perform
a 10-fold cross validation. Empirically it is found that with 10-fold cross validation,
the classifier provides better performance. In this way, our dataset is randomly divided
into 10 different sets of learning and testing, and each set has approximately the same
class distribution as the total data sets. Thus, 90% of the total dataset is used for
training and the rest 10% of the total data is used for testing. For each validation step,
we conducted the learning phase of the algorithms with the training datasets. The
training set is passed into the classifier to train it and then justify the effectiveness with
the test datasets. Experimental results are furnished in the Fig.6.13 and Fig. 6.14. From
Fig. 6.14, we find that the proposed hybrid neural network requires less iteration time,
which eventually can speed up the recognition process. The computation efficiency
for different recognition methods are reported in Fig 6.15.
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Experimental results demonstrate that our approach achieves a substantial recognition
accuracy comparable to other methods, while taking significant less amount of
computation time. We believe that our method can be applicable in real time
commercial environment where computational efficiency is a major concern.

Fig. 6.12 Face image database of Essex: Face 94 (top), Face 95 (middle), Face 96 (bottom) with different poses
and illuminations.
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Fig. 6.13. Recognition accuracy (%) of different methods for standard datasets.
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Fig 6.14 Error versus iteration.
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Fig. 6.15 Computation efficiency for different recognition methods.
In order to evaluate the method for recognition, we perform a comparison among our
proposed system with other

methods. The comparison results for the average

recognition rates using different methods are furnished in Table 6.3.
Table 6.3 Comparison for Recognition performance
Method

With Front Faces With Tilted Face

Average

Computation time to process a
pair of face sequences

(%)

(%)

(%)

(sec)

Deep Face [60]

97.35

91.40

94.38

0.33

Neural Net with Gabor [61]

84.50

81.00

82.75

1.65

SMD with Stereo [62]

90.10

85.30

87.70

2.00

Our proposed hybrid NN

97.25

93.50

95.35

0.21
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Chapter 7

BIOMETRIC RECOGNITION USING EAR

7.1 Introduction
Biometric authentication and identification using human ear is a recent trend in
security applications including access control, user recognition, surveillance, forensic,
and border security systems. The ear is quite attractive biometric candidate because,
the shape of the ear is unique to individuals and generally unaffected by changing
facial expressions, anxiety, use of cosmetics or eye glasses and aging [71]. Moreover,
several ear features such as smaller in size, co-location with face, and relatively less
change in shape due to aging has made it very popular among biometric communities.
An ear also has reduced spatial resolution and uniform distribution of colour. However,
due to its complex geometrical shape and often being obscured by hair, ear-ring, headcover and the similar, developing fast, accurate and robust ear based biometric systems
is still very challenging [72, 73].

A typical automatic ear-based biometric system consists of the following steps:
detection (or segmentation) of the ear, normalization and enhancement, feature
extraction and matching (recognition or verification). Ear detection refers to the
localization of the ear shape in a facial profile image. After detection or segmentation,
the ear region can be normalized (in orientation or in size) and enhanced to make it
simple for further operations such as feature extraction and matching processes. Since
the other processing steps like feature extraction, recognition or verification depend
on accurate detection of the ear, this stage is crucial in biometric system.

66

7.2 Proposed Approach
The proposed biometric authentication scheme based on human ear is consisted of
the following stages: (i) Acquisition of profile face images, (ii) Ear data extraction
and normalization, (iii) Refinement, (iv) Features extraction, (v) Feature matching,
and (vi) Recognition/Authentication. The architecture of the proposed ear biometric
system is depicted in Fig. 7.1.
Image Capture

Pre-processing

Ear Detection/Normalization

Features Extraction

DATABASE
Feature Matching

Recognition

Fig. 7.1. Architecture of the proposed biometric scheme using ear.

7.2.1 Pre-processing of Ear Data
To eliminate different types of unwanted noises such as, spikes and holes from the
extracted ear region, we use a fuzzy filter [123] in the pre-processing stage. We choose
this filter because it has the advantage of both median and average filtering and
possesses high accuracy and speed. This filter uses fuzzy rules to determine the gray
levels of the pixels within a window in the image.
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7.2.2 Ear Detection and Normalization
Ear detection process extracts the ear region in a facial profile image. Different
methods have been introduced for ear detection. In this work, the ear region is detected
using the AdaBoost based detector [122]. The motivation behind the selection of this
detector is that it possesses high accuracy and speed. After detecting the ear shape,
corresponding ear data are extracted. We expand the detected ear regions with
additional 20 pixels in all directions to ensure the whole ear is extracted. We then
normalize the extracted ear shape with uniform dimension of 160 by 140.

7.2.3 Features Extraction
One of the crucial tasks in biometric ear recognition is the features extraction. Different
types of features such as, intensity, Gabor features, Fourier descriptors, SIFT points
are commonly used in ear recognition [25]. The extracted ear features are then used
for matching with the one stored in the gallery database. In this work, we use local
edge features since they are invariant to pose variation, occlusion and illumination
changes.

The gradient histogram of an image represents the spatial distribution of the edge
features. The gradient of an image f(x, y) is represented by the following equation,
 f 


 x  G x 
f  
  G 
 f   y 
 y 

where, 𝑮𝒙 =
𝐺𝑦 =

𝝏𝒇
𝝏𝒙

𝜕𝑓
𝜕𝑦

(7.1)

is the gradient in x direction, and

is the gradient in y direction.
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The gradient direction can be determined by the following formula:
𝐺

𝜃 = 𝑡𝑎𝑛−1 [ 𝑦 ]

(7.2)

𝐺𝑥

We use Canny edge detector for extracting the edge features from the ear data. The
gradient values are normalized to [0, 255].

7.3 Feature Matching and Recognition
For user recognition, the extracted features of the probe ear are matched with the
gallery ear data stored in the ear database. In this work, we use a stereo algorithm and
Hybrid neural network similarly used in face recognition to compute the degree of
similarity.

7.3.1 Feature Matching using Stereo Algorithm
The stereo algorithm, which is quite fast and efficient compares two ear data (probe
and gallery) and computes similarity score between two ear images and identifies the
user's ear that produces the best matching score. Before application of stereo matching
between the ear data, we determine the epipolar geometry in the ear images. The probe
and gallery ear images are rectified, and then the similarity score is estimated using
the stereo matching algorithm along each epipolar line in the rectified images.

For matching correspondences between the probe and gallery images, a robust and fast
stereo algorithm based on fuzzy correlation measure is used in this paper, as we have
used in Face recognition scheme. Correspondence matching computes the similarity
or matching cost from two image sequences (probe and gallery ear image) for user
identification based on his/her ear. To find the correspondent points in the two images,
we generally estimate the matching cost of the windows of pixels taking over the same
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epipolar lines in the two images. Hence, the matching cost C for a pixel (x, y) in the
probe image can be calculated by taking a window of pixels centered at (x, y) in the
probe image, and placing a similar window of pixels centered at (x+d, y) in the gallery
image and then compute the differences between these two windows using a fuzzy
correlation measure given by the following equation,
𝐶(𝑥, 𝑦, 𝑑) =

∑𝑥,𝑦∈𝑊 𝐹(𝑥,𝑦)|𝐼𝑃 (𝑥,𝑦)×𝐼𝐺 (𝑥+𝑑,𝑦)|
2 (𝑥,𝑦)×∑
2
√∑𝑥,𝑦∈𝑊 𝐹(𝑥,𝑦)𝐼𝑃
𝑥,𝑦∈𝑊 𝐹(𝑥,𝑦)𝐼𝐺 (𝑥+𝑑,𝑦)

(7.3)

where 𝐼𝑃 (𝑥, 𝑦) and𝐼𝐺 (𝑥, 𝑦) are the intensities of the pixels at position (x, y) in the probe
and gallery images, respectively; d is a searching range over the same epipolar line in
the gallery image, and W is a square window. F(x,y) is the fuzzy measure of the pixel
at position (x, y). It has Gaussian distribution proportional to fuzzy membership
function given by,
𝐹(𝑥, 𝑦) = 𝑒𝑥𝑝( −

|𝐼𝑃 (𝑥,𝑦)−𝐼𝐺 (𝑥+𝑑,𝑦)|2
2𝜎 2

)

(7.4)

where,𝜎is the standard deviation of all pixels within the window.

The matching cost C(x,y) for every pixel (x,y) can be calculated using winner-take all
strategy such that,
𝐶(𝑥, 𝑦) = 𝑎𝑟𝑔𝑚𝑎𝑥 𝐶 (𝑥, 𝑦, 𝑑)

(7.5)

7.3.2 Final Matching Cost and Recognition
For user idntification, the matching is performed between the probe ear image and the
enrolled gallery pattern. For recognition process, a number of iterations is
accomplished for matching the probe image with the stored gallery images. While
matching a probe image with a gallery image using our proposed stereo algorithm, we
obtain different window costs. We pick the best matching scores and estimate a
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normalized (average) matching cost for every pair of the probe and the gallery images,
by using the following equation:
∑𝑛

𝐶(𝐼𝑃 , 𝐼𝐺 ) = ∑𝑛𝑖=1

𝐶(𝐼𝑃,𝑖 ,𝐼𝐺,𝑖 )

𝑖=1|𝐼𝑃,𝑖 |+|𝐼𝐺,𝑖 |

(7.6)

where C is the normalized matching cost for the image pair: the probe and a gallery
ear image. Thus, we compute normalized costs for all pair of images by comparing the
probe with all gallery images. We then identify the gallery ear image that provides best
similarity measure given by,
Similarity, S = max {Cn (IP, IG)}

(7.7)

where, Cn refers to the normalized cost of nth image pair (the probe and the gallery
image), n = 1 … N; and N denotes the total number of images considered in the gallery.
The best match is considered for identification when, S > T. Here, T is a predetermined
threshold and is set to 0.65 by empirical evaluation.

7.4 Experimental Evaluation
To justify the validity of the proposed algorithm, we compare its performance with
other similar techniques reported in this work. To validate the effectiveness of our
algorithm, we perform experiment using several real images and standard ear datasets
as well. The algorithm is implemented using Visual C++. Experiments are carried out
with an Intel Core i7 processor with 2.8 GHz.

7.4.1 Datasets
In this experiment, we use three different standard datasets of ear images, prepared by
the University of Notre Dame (UND) [194], the University of Science and technology
in Beijing (USTB) [195], and the Indian Institute of Technology, Delhi (IITD) [196].
The UND dataset includes 942 images of 302 human subjects, the USTB database
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contains 308 images of 77 subjects, and the IIITD database includes 421 images of
121 subjects. The detailed features of the ear databases are summarized in Table 7.1.
Fig. 7.2 shows some sample images of these ear databases.

Table 7.1 Features of the ear datasets.

Dataset

Total Images

Individuals

UND-F

942

302

USTB

308

77

IITD

421

121

Additional Features
Images are taken from 302 human subjects including some
partially occluded images, captured in 2003 and 2004
Images were captured from 77 human subjects in 4 different
sessions during November 2003 and January 2004.
Images were taken in indoor environment, between October
2006 and June 2007.

Fig. 7.2. Example of some profile images with ear of different shapes: left ears (top), and
right ears (bottom).

7.4.2 Experimental Results
7.4.2.1 Ear Recognition Using Stereo Matching Algorithm
To evaluate the recognition performance, we use the stereo matching algorithm and
test with three standard ear datasets: UND, USTB and IITD. In this work, we use one
image for every subject from each dataset as a probe image while the remaining one
image is used as the gallery image. Fig. 7.3 and 7.4 demonstrate ear detection and local
feature extraction process, respectively. The performance of our proposed recognition
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scheme is evaluated using the stereo matching algorithm which is fast and efficient for
user identification. The recognition performance of our proposed method is compared
with several existing similar methods such as, support vector machine (SVM) [197],
AdaBoost [198], neural network (NN) [199], modular neural network (MNN) [200],
and NN with principal component analysis (NN+PCA) [201]. The comparisons for
different methods are reported in the Fig. 7.5, which clearly indicates the superiority
of our proposed method. We also test our algorithm using different datasets and
experimental evaluation indicates that our approach provides better performance for
the UND database with a recognition rate of 98.96%, as shown in Fig. 7.6. The
proposed algorithm achieves a very low false positive rate (FPR) which is 0.25%. Fig.
7.7 presents a comparison of FPRs for different methods.
We compare computation time of our algorithm with other similar methods. A Visual
C++ implementation of our algorithm requires around 0.39 sec for extracting the local
edge features from a probe ear image, and the average matching time for a probegallery pair is 0.18 sec on the UND dataset. Table 7.2 summarizes the comparison for
matching time of the recognition approaches with UND database. Results show that
our proposed matching algorithm achieves better performance with less processing
time. Empirical results show that a window of size 3×3 pixels and a range value of +5
(d) for searching correspondence pixels are good choices for better results.

Fig. 7.3. detection process: detected ear shape (top) and extracted ear (bottom).
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(a)

(b)

(c)

Fig. 7.4. Local features extraction: (a) initial ear shape, (b) refined ear data, and (c) extracted edge
features.

Fig. 7.5 Comparison for recognition accuracy with different methods.

Fig. 7.6 Recognition accuracy on different datasets.
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Fig. 7.7 Comparison of false positive rates for different methods.

Table 7.2 Computational time for matching a pair of probe-gallery ear image with different
methods on UND dataset.
Method

Feature Extraction

Average matching

time

time

Our method (Visual C++)

0.39 sec

0.18 sec

Islam et al [198] (MATLAB)

22.2 sec

2.28 sec

Chen & Bhanu [26] (C++)

N/A

1.1 sec

2.5 Ear Recognition using Hybrid Neural Network
Biometric recognition and authentication is achieved by employing a hybrid neural
network. The hybrid network is consisted of a bidirectional associative memory
(BAM) and a multilayer backpropagation neural network (BPNN). The architecture of
the hybrid neural network is shown in Fig. 7.8.

The BAM is used for dimensional reduction of the extracted feature matrix to make
the recognition faster and more efficient and the BPNN is used to be trained with the
extracted ear features to recognize the user’s ear and authenticate the user based on the
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ear biometric. There are two types of associative memory, auto-associative and heteroassociative. BAM is hetero-associative which means given a pattern it can return
another pattern which is potentially of a different size. A BAM contains two layers of
neurons. The first layer is the BAM input layer which receives the extracted ear
features. The number of nodes in this layer is, equal to the dimension of the feature
vector incorporating the extracted features. The BAM reduces the dimension of
features and its output is fed into the backpropagation neural network (BPNN). The
number of nodes in the BPNN output layer equals to the number of individual ears the
network is required to recognize. The number of epochs for this experiment was 40,000
and the minimum error margin was 0.0015.
Hidden Layers

BAM
Inputs (xi)

●
●
●

Outputs (yk)

●
●
●

●
●
●

BAM

BPNN

Fig. 7.8. Hybrid Neural network for biometric ear recognition.

To evaluate the performance of our proposed method, experiments are carried out on
same standard ear datasets UND, USTB and IITD tested with stereo matching
algorithm. Experiments are carried out on a computer with 2.2 GHz Intel Core i5
processor and 4GB RAM. The algorithm has been implemented using Visual C++.
For the experimental evaluation, half of the images are chosen from each dataset to
use in the gallery and half of them are used in the probe database for training purpose.
The performance of our proposed recognition scheme is evaluated using the neural
network classification algorithm with and without including the BAM. The
experimental results show that the back propagation neural network (BPNN) including

76

with BAM provides improved recognition accuracy, as shown in Fig. 7.9 and 7.10
demonstrate that the proposed hybrid network takes less iteration than BPNN in regard
to completion of the training process.

BPNN

100

BAM + BPNN

99
98
97

Accuracy

96
95
94
93
92
91
90

UND

USTB

IITD

Datasets

Fig. 7.9. Recognition accuracy of the proposed method with BPNN and BAM+ BPNN.

To evaluate the recognition performance, we compare our proposed approach with
other existing similar methods such as, support vector machine (SVM) [197],
AdaBoost [198], neural network (NN) [199], modular neural network (MNN) [200],
and NN with principal component analysis (NN+PCA) [201]. The comparison for
different methods is reported in the Fig. 8, which clearly indicates the superiority of
our proposed method. Experimental evaluation indicates that our approach provides
better performance for the UND database with a recognition rate of 98.96%.
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Fig. 7.10 Error versus iteration.

100
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Accuracy (%)
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88
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82
80
Accuracy (%)

SVM

AdaBoost

NN

MNN

PCA+NN

Proposed

96.5

95.4

91.8

97

96

98.96

Fig. 7.11. Comparison for recognition accuracy with different methods.

7.5 Conclusion
We propose a robust and efficient user identification scheme using ear biometric. Our
proposed scheme can deal with occlusion, pose variations, and illumination changes.
We validate the effectiveness of the proposed algorithm using different standard ear
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datasets. Experimental results demonstrate that our proposed method can achieve
better performance with comparison to other similar methods. We wish to extend our
algorithm using biometric modalities such as facial features to develop a more robust,
precise and secure recognition system. Our proposed scheme can be useful for many
real-time applications where fast processing time is necessary.
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Chapter 8

PROPOSED MULTIMODAL BIOMETRIC
SCHEME USING FACE & EAR

8.1 Introduction
Most of the biometric systems currently employed in real-time environments are
generally unimodal (single biometric trait such as face or ear or finger etc.). Uni-modal
biometrics are limited, because no single biometric is generally considered both
sufficiently accurate and robust to hindrances caused by external factors [203].

Some of the challenges associated with biometric systems include: (1) Noise in the
acquired data due to alterations in the biometric marker (e.g., surgically modified ear)
or improper maintenance of the sensors. (2) Intra-class variations that may occur when
a user interacts with the sensor (e.g., varying head pose), or with physiological
transformations that take place with aging. (3) Inter-class similarities, arising when a
biometric database is comprised of a large number of users, which results in an overlap
in the feature space of multiple users (4) Non-universality – the biometric system may
not be able to acquire meaningful biometric data from a subset of users. For instance,
in face biometrics, a face image may be blurred due to abrupt head movement or
partially occluded due to off-axis pose. (5) Certain biometric markers are susceptible
to spoof attacks – situations in which a user successfully masquerades as another by
falsifying their biometric data.
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Several of the limitations imposed by unimodal biometric systems can be overcome
by incorporating multiple biometric markers for performing authentication. [204].
Such systems, known as multi-modal biometric systems, are expected to be more
reliable due to the presence of multiple, (fairly) independent pieces of evidence [205].
These systems are capable of addressing the aforementioned shortcomings inherent to
unimodal biometrics. In this chapter, we present a method that fuses the human face
and ear modalities at the match score level. Fusion at this level has the advantage of
utilizing as much information as possible from each biometric modality [206].

There are several motivations for a multi-modal face and ear biometric, that are already
been stated in Chapter 1. However, to mention a few of them include: firstly, the ear
and face data can be captured using conventional cameras. Secondly, the data
collection for face and ear is nonintrusive (i.e., requires no cooperation from the user).
Thirdly, the ear and face are in close physical proximity to each other and when
acquiring data of the face (ear) the ear (face) is frequently encountered as well.
Oftentimes, in an image or video captured of a user’s head, these two biometric
markers are jointly present and are both available to a biometric system. Thus, a multimodal face and ear biometric system is more feasible than other multi-modal biometric
system.

For more than three decades, researchers have worked in the area of face and ear
recognition [207-210]. The ear, conversely, is a relatively new area of biometric
research. Initial case studies have suggested that the ear has sufficient unique features
to allow a positive and passive identification of a subject [211]. Furthermore, the ear
is known to maintain a consistent structure throughout a subject’s lifespan. Ears may
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be more reliable than faces, which research has shown is prone to erroneous
identification because of the ability of a subject to change their facial expression or
otherwise manipulate their visage. However, there are drawbacks inherent to ear
biometrics. One such drawback, that poses difficulty to the feature extraction process,
is occlusion due to hair or jewelry (e.g., earrings or the arm of a pair of eyeglasses).

In this dissertation, we develop robust and efficient algorithms for face and ear
recognition and finally, the fusion of face and ear biometrics for human recognition
and authentication. In this research, face recognition is accomplished by means of
matching facial local features between the probe image (left or right face sequence)
and the gallery face images within a database. For ear recognition, the system first
detects and extracts the ear region from the facial image geometry. To detect the ear
of the user from the facial images, we employ a fast technique based on the AdaBoost
algorithm. Similar to face recognition scheme, ear recognition is accomplished by
matching the ear data (probe) of an individual to the previously enrolled (stored) ear
data in a gallery database for verification and recognition of the person.

In this dissertation, we present a method for fusing the ear and face biometrics at the
match score level. At this level, we have the flexibility to fuse the match scores from
various modalities upon their availability. Firstly, the match scores of each modality
are calculated. Secondly, the scores are normalized and subsequently combined using
a weighted sum technique. The final decision for recognition of a probe face or ear is
done upon the fused match score.
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8.2 Data Fusion
We combine the face and ear modalities at the match score level. At the match score
level, we have the flexibility of fusing the match scores from various modalities upon
their availability. We use the weighted sum technique to fuse the results at the match
score level. We integrate this approach based on the classification presented in [44].

In practical multi-biometric systems, a common fusion method is to directly combine
the match scores provided by different matchers without converting them into
posteriori probabilities. However, the combination of the match scores is meaningful
only when the scores of the individual matchers are comparable. This requires a change
of the location and scale parameters of the match score distributions at the outputs of
the individual matchers. Hence, the Tanh-estimators score normalization [44], which
is an efficient and robust technique, is used to transform the match scores obtained
from the different matchers into a common domain. It is defined as follows:
1

𝑠𝑗 −𝜇𝐺𝐻

2

𝜎𝐺𝐻

𝑆𝑗𝑛 = {tanh(0.01(

)) + 1}

(8.1)

where sj and sn are the scores before normalization and after normalization. The

µGH and sGH are the mean and standard deviation estimates, respectively, of the
genuine score distribution as given by Hampel estimators [38]. Hampel estimators
are based on the following influence (Ψ)-function:

(8.2)

where sign(u) = +1 if u ≥ 0, otherwise sign(u) = -1. The Hampel influence
function reduces the influence of the scores at the tails of the distribution (identified
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by a, b, and c) during the estimation of the location and scale parameters.
One of the well-known fusion techniques used in biometrics is the weighted sum
technique:

(8.3)

where snj and wj are the normalized match score and weight of the jth modality,
respectively, with the condition PR j=1 wj = 1. In our case, the weights wi, i = 1, 2 are
associated with the ear and face, respectively. The weights can be assigned to each
matcher by exhaustive search or based on their individual performance [44]. In this
work, we empirically choose the weights for each matcher such that the maximum
recognition rate is achieved.

8.3 Experiments and Results
We create a dataset of 462 images and video clips, collected from the standard face
and ear databases. The images and video sequences of 402 unique subjects are used as
the gallery and 60 images and video clips are used as probes. The images and video
clips have a frame resolution of 640 × 480 pixels. A frontal facial image from each
video clip is extracted and used for face recognition. There are 135 gallery video clips
that contain occlusions around the ear region. These occlusions occur in 42 clips where
the subjects are wearing earrings, 38 clips where the upper half of the ear is covered
by hair, and 55 clips where the subjects are wearing eyeglasses. There are 23 frontal
images with facial expressions and 102 with facial hair. Figure 8.1 shows a set of
sample face and ear image pairs taken from the face and ear databases.
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Identification Rate (%)

Rank

Correct Verification (%)

Figure 8.1 Sample face and ear image pairs

FAR
Figure 8.2 The experimental results

We evaluate the performance of our proposed approach for face recognition and ear
recognition separately and then fuse the ear and face match scores using the weighted
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sum technique. The experimental results are reported in Figure 8.1. The results show
that the rank-one identification for the face recognition, ear recognition, and the fusion
are 81.67%, 95%, and 100%, respectively. The figure shows that, by fusing the face
and ear biometric, the performance of the system is increased to 100%.

Figure 8.2 illustrates the results of the verification experiments. The results are
presented as ROC for the two individual modalities along with the fusion of
the two modalities. As the ROC curve demonstrates, the ear and face modalities have
a verification rate of 95% and 75% at .01 False Acceptance Rate (FAR), respectively.
The verification rate of the system after fusion is boosted to 100%. The EER of the
multi-modal system is also .01%.

We have also investigated the use of other techniques for data fusion (i.e., MaxScore,
Min-Score, Product-of-Score) and compared their results with the weighted sum
technique. The Tanh-estimators score normalization method was used for all of the
fusion techniques. Table 8.1 compares the rank-one identification rate, EER, and the
correct verification rate at .01% FAR of the other techniques for fusion. As this Table
illustrates, the weighted sum technique outperforms the other techniques for data
fusion.
Table 8.1 The rank-one identification rate, EER, and the correct verification rate
Fusion Techniques

Rank-One

EER (%)

Identification (%)

Correct Verification
(%) @ 0.01 FAR

Max-Score

95.3

3.45

96.5

Min-Score

81.8

6.51

76.3

Product-of-Score

98.4

1.43

98.4

Weighted-Sum

100

0.01

100
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8.6 Conclusions and Future Work
We have presented an approach for multi-modal face and ear recognition. The 3D ear
structure is reconstructed from a single image using SFS. The extracted Gabor features
were then used to calculate the similarity between facial images. This resulted in a
match score for each modality that represents the similarity between a probe image
and a gallery image. The match scores obtained from the two modalities (ear and face)
were fused at the match score level using the weighted sum technique.

Our experiments on a database of 402 subjects show significant improvement in
identification and verification rates (the result after fusion is 100%). The significant
improvement in performance when combining modalities is primarily due to an
increased robustness to occlusion. The database contains a large number of subjects
possessing facial hair and/or eyeglasses (39.1% of the gallery). The registration
accuracy of the ASM in the face recognition component degrades in the presence of
occlusion. This is due to the increased likelihood of mesh nodes getting stuck at local
minima during the optimization. The performance shortcomings of the ear recognition
component, on the other hand, was primarily due to a few images where the ear region
was only partially segmented. There are eight subjects contained within the probe set
that possessed occlusions in the ear region. The segmentation was successful for seven,
or 87.5%, of those subjects. In the entire probe set, 88.33% of the video clips were
successfully segmented. Combining modalities improves the robustness to occlusion
because of the increased likelihood of acquiring viable biometric data from at least one
modality.
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The proposed system can be applied in settings where quasi-frontal face and ear images
are acquirable. An acquisition setup would require two cameras with optical axes that
are perpendicular to each other to enable capture of frontal and profile facial images.
Such a setup would be realizable at access control checkpoints. Future work will
include the employment of 3D face recognition in combination with 3D ear
recognition. The use of the 3D modality for both biometric markers will lead to an
increase in the robustness to both illumination and pose variations. In addition, we will
extend this technique to recognize faces using profile images.
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