DESIGN AND DEVELOPMENT OF AN
EFFICIENT MULTIMODAL BIOMETRICS
BASED RECOGNITION SYSTEM

A THESIS
SUBMITTED TO THE DELHI TECHNOLOGICAL UNIVERSITY
FOR THE AWARD OF THE DEGREE OF

DOCTOR OF PHILOSOPHY
IN

Computer Science and Engineering

SUBMITTED BY
KESHAV GUPTA

f' "E'""" v,

DELT

DEPARTMENT OF COMPUTER SCIENCE AND ENGINEERING
DELHI TECHNOLOGICAL UNIVERSITY

DELHI-110042 (INDIA)

October 2020



DELHI TECHNOLOGICAL UNIVERSITY

Certificate

This is to certify that the thesis entitled “Design and Development of an efficient
Multimodal Biometrics based Recognition System” being submitted by Keshav
Gupta (Reg. No.: 2K16/PhD/CO/10) for the award of degree of Doctor of Philosophy
to the Delhi Technological University is based on the original research work carried out
by him. He has worked under my supervision and has fulfilled the requirements which
to my knowledge have reached the requisite standard for the submission of this thesis. It
is further certified that the work embodied in this thesis has neither partially nor fully

submitted to any other university or institution for the award of any degree or diploma.

Dr. Gurjit Singh Walia Prof. Kapil Sharma
(Supervisor) (Supervisor)

Scientist 'E’; SAG Professor, Deptt. of I'T
DRDO Delhi Technological University

Prof. Rajni Jindal
Head of the Department, Deptt. of CSE

Delhi Technological University



Declaration of Authorship

I hereby declare that all information in the thesis entitled “Design and Development of
an efficient Multimodal Biometrics based Recognition System” has been obtained and
presented in accordance with academic rules and ethical conducts as laid out by Delhi
Technological University. I also declare that, as required by these rules and conduct, I

have fully cited and referenced all material and results that are not original to this work.

Keshav Gupta

2k16/PHD/CO/10

Department of Computer Science & Engineering
Delhi Technological University (DTU)

New Delhi -110042

ii



Acknowledgements

First and foremost, I would like to thank God for giving me guidance and strength
to perform this research work. My heartfelt and sincere thanks to Dr. Kapil Sharma,
Head of Department, Department of Information Technology, for his invaluable guidance,
constant encouragement and unconditional support in carrying out my research work. He
helped in creating an environment so conducive for learning and gave me full academic
freedom to pursue my research with ease and confidence. He has been very patient with
me and his loving, caring and friendly attitude made me endure all the hardships and
shortcomings during continuance of this research work. This period has been an enriching
experience of working under his guidance. I am really thankful for his endless support

and encouragement throughout this work.

Further, I am very much indebted to Dr. Gurjit Singh Walia, Scientist 'E’, DRDO,
New Delhi, who has really been instrumental in shaping my research and without whom
this work would not have seen the light of the day. His wisdom, intellectual, brilliance,
constant guidance and endeavour to seek perfection transformed many aspects of my life,
made me a better person and triggered in me the miraculous drive to work hard. His
rare academic and professional acumen, admirable dedication and commitment to his
subject have always been a source of motivation for me. Due to his incessant support
and valuable inputs my research period passed as smooth as a fish swims in the river.
Besides being my mentor, he has been a pillar of strength and I am deeply indebted to
him for guiding me with his extensive knowledge and insightful discussions. I hope for

and look forward to his continued guidance in future.

iii



v

[ am deeply grateful to Prof. Yogesh Singh, Vice Chancellor, Delhi Technological Uni-
versity. He has been a constant source of inspiration for me throughout my research and
teaching career. I am thankful to him for constantly encouraging and supporting me
in this endeavour of mine. I also thanks Dr. Rajni Jindal, DRC Chairperson and HoD

Department of Computer Science for her constant support and motivation.

A special thanks to my family. This work could not have been possible without the
unrelenting support of my family. They supported me in every possible way to ease my
research journey. I also acknowledge with thanks the contribution of all my other teachers

and friends for their direct and indirect help and support in this work.

Keshav Gupta



List of Publications

1. Keshav Gupta, Gurjit Singh Walia, and Kapil Sharma. ”Quality based adaptive score
fusion approach for multimodal biometric system.” Applied Intelligence 50, no. 4 (2020):

1086-1099, SCI, (IF: 2.882)

2. Keshav Gupta, Gurjit Singh Walia, Kapil Sharma (2020), “Novel Approach for
Multimodal Feature Fusion to Generate Cancelable Biometric”, The Visual Computer,

Springer, SCIE, (IF: 1.412)

3. Keshav Gupta (2017), “Advances in multi modal biometric systems: a brief review”.
In International Conference on Computing, Communication and Automation (ICCCA).

IEEE, 2017.

4. Keshav Gupta, Gurjit Singh Walia, and Kapil Sharma, "Multimodal Biometric Sys-
tem using Grasshopper Optimization.” In 2019 International Conference on Computing,

Communication, and Intelligent Systems (ICCCIS), pp. 387-391. IEEE, 2019.

5. Keshav Gupta, Gurjit Singh Walia, and Kapil Sharma, ” Adaptive multimodal biomet-
ric recognition system using optimal combination of modality”, communicated to SCIE

journal(under review).



Abstract

Biometric systems provide various benefits over traditional pin-based authentication sys-
tems. Also, Multimodal Biometric Systems are extensively employed over unimodal coun-
terparts for user authentication in the digital world. Here, information from multiple
sources is combined to reach a final decision. While, Score level fusion combines out-
comes of individual classifiers to make a final decision, feature fusion combines individual
features from complimentary biometric traits to generate a superior feature. However,
the application of multimodal systems to security-critical applications is limited mainly
due to non-adaptiveness of these systems to the dynamic environment and inability to
distinguish between spoofing attack and the noisy input image. Further, the issue of data
privacy and theft is of great concern. Also, most of the biometric systems suffer from the

issue of score confliction of individual classifiers.

A multimodal biometric system, which adaptively combines the scores from individual
classifiers, is proposed to address these issues. For this, three modalities viz. face, finger,
and iris are used to extract individual classifier scores. These classifier scores are adap-
tively fused considering that concurrent modalities are boosted and discordant modalities
are suppressed. The conflicting belief among classifiers is resolved not only to achieve op-
timum fusion of classifier scores but also to cater dynamic environment. The proposed
quality based score fusion also distinguishes between spoofing attacks and noisy inputs
as well. The performance of the proposed multimodal biometric system is experimentally

validated using three chimeric multimodal databases.

A novel cancelable multimodal biometric system is proposed that combines multiple traits

by means of a projection-based approach. The proposed approach generates a cancelable



Vil

biometric feature that is used to obtain revocable and noninvertible templates. Cancelable
features are generated by projecting the feature points onto a random plane obtained using
a user-specific key. The point of projection is then transformed into cylindrical coordinates
and a combined cancelable feature is obtained. Extensive experiments are performed
over 3 chimeric multimodal databases and results reveal high performance. Also, the
proposed method is successfully analyzed for privacy concerns, namely revocability, non-
invertibility, and unlinkability. Moreover, the proposed system demonstrated tolerance
against various security attacks like brute force attacks, attacks via record multiplicity,
and substitution attacks. Also, a novel optimized score level fusion using Grasshopper
optimization is proposed where the performance optimization of individual classifiers
is performed and a concurrent solution is achieved by means of proportional conflict
redistribution rules. The system does not require any classifier training and exhibits
high performance. The proposed system is robust against the dynamic environment and

exhibits high reliability.
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Chapter 1

Introduction

Identity confirmation is very critical in today’s digital world. Traditional pin and pass-
word methods are becoming obsolete day by day as it is easier to break them with an
increase in technology. To address this, biometric systems which use people’s physiologi-
cal traits like face, fingerprints etc. are considered as more appropriate solutions in terms
of robustness, reliability, and accuracy. Biometric systems using only a single modality
like a fingerprint, face, etc. are known as unimodal systems. Unimodal systems possess
different issues such as non-universality, intraclass variations, noise in input data, spoof
attacks, and distinctiveness [83]. These issues are mostly handled by multimodal systems

which combines information from multiple biometric modalities [83, 34].

The initial biometric systems used only a single modality for authentication. Features
from modalities like face, fingerprint, iris, fingervein, palmprint etc. were extracted and
used for biometric recognition [83]. Later, multimodal systems came into existence to
overcome various challenges imposed by unimodal systems. After extensive investiga-
tion, many researchers have concluded that multimodal systems are more efficient in
addressing various challenges [34]. Complementary modalities can compensate the short-
comings of one another to provide better performance during challenging conditions. For

instances, fingerprint biometric can be easily collected but suffers from problems like
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Templates
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Fig. 1.1 Multimodal Biometric Recognition System with Feature Level Fusion [1]

non-universality, noise, skin disease etc. along with moderate performance. On the other
hand, iris modality is comparatively difficult to collect but provides accurate results and
difficult to forge. Also, Face modality is easily accessible and gives fair results but suffers
from challenges like illumination and pose variation, expressions, occlusion, makeup etc.
Similarly, identification process is relatively slower for palmprint modality and prolonged
exposure to infra-red radiations in case of fingervein may cause medical issues. Thus, it
is evident that a single modality is not sufficient enough to create an effective biometric

recognition system.

Multimodal Biometric systems fuse together information obtained from multiple biomet-
ric traits using various techniques such as feature fusion, score fusion, and decision level
fusion. [83, 34]. Fusion can be performed in serial and parallel modes. Researchers have
worked on multimodal biometric systems at different fusion levels to show their efficiency
over other traditional methods. For instance, Hossain et al [33] proposed a serial fusion
approach over face and iris modality. Here, multiple classifiers were arranged in a serial
mode using "best to worst’ approach. On the other hand, Yang et al. fused the features
of finger vein and fingerprint modalities to generate a more discriminative feature [125].

The working of a feature level fusion based biometric system is shown in Fig. 1.1 [1].

Although the feature set contains the highest amount of information, incompatibility in
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type and dimension of features extracted from different modalities limits the application
of feature level fusion. Generally, score level fusion is used to overcome the issues of
feature level fusion [91]. For example, Peng et al. proposed a t-norm based fusion method
which combined multiple classifier scores to generate a final score [71]. The score fusion
provided a trade-off between ease of use and efficiency. Fusion can also be performed at
the decision level. For instance, Prabhakar and Jain worked in combining the results of
four different fingerprint matching algorithms [76]. Fusion at the decision level is quite
inflexible because of low information available and choice of the classifier. The most
commonly used approach is fusion at score level due to low computation complexity and
sufficient information content to discriminate [83, 34]. A sample multimodal biometric

system with score level fusion is depicted in Fig. 1.2 [1].

However, these systems mostly considered modalities either from same region or very few
modalities for score level fusion. Also, most of the available techniques are not robust
or adaptive to location or environment variations. Further, feature acquisition module

needs to cater for degradation of acquired samples for better identification of subject.
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Generally, multimodal systems are very helpful in dealing with above-stated issues but
no protection is available for biometric data itself in case of template hacking or database
stealing. Moreover, most of the biometric systems suffer from single point of failure.
Thus, if the security measure fails, system will get compromised. Further, security of
biometric data should be of top priority as biometric information cannot be replaced
easily. If biometric templates are stolen, the user’s identity is compromised for multiple
applications and subject to cross-application attacks as well. Overall, it not only threatens
the security, but it may also incur a significant financial or social loss. To resolve these

issues, cancelable biometrics is widely used.

Cancelable biometric systems use a pseudo biometric template instead of the original
template for matching and verification purposes. The working of cancelable biometric

system is shown in Fig. 1.3 [78§].

These pseudo templates are generated from original templates using various transforma-
tion mechanisms. For instance, in non-invertible geometric transformations, a feature
domain transformation is applied using transformation techniques such as Cartesian, po-
lar and functional transformation [79]. Random projection is also used as a non-invertible
transformation [72][73] wherein an extracted feature x € F,, is projected to a random sub-

space Y € F,, x N with n<N and all element of y are independently realized from a random
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variable as z = Yx where z is random projection vector. A random convolution method
was proposed in [90] to produce cancelable templates wherein a user-specific kernel is
used to encrypt the biometric data. Bio-convolving is also a convolution-based approach
for generating cancelable templates [56]. In this, biometric template was segmented into
various sequences and a transformed sequence is generated using linear convolution. An
extension of random projection is bio hashing [35] wherein a bio-hash template was gener-
ated using a user-specific random number. Random permutation of features is also been
used by many researchers for generating cancelable templates [129]. There are also vari-
ous salting methods where a random pattern or noise is mixed with the original template.
The techniques used for the cancelable biometric template must exhibit properties viz.
revocability, security, diversity, and accuracy. Also, for multimodal biometric recognition
systems, optimal combination of classifiers is equally important. Optimization of system
parameters can increase the accuracy of entire system. In sum, a lot of solutions have
been provided under each category but there is still scope of improvement that can be

considered for developing robust and adaptive biometric recognition systems.

1.1 Thesis Overview

The thesis comprises of six chapters and a brief description of these chapters is given

below:

Chapter 1:- This chapter will cover the introduction and purpose of the outlined research
topic. It will also contain the main idea for the development of the thesis. In addition,
the potential application areas and main challenges in multimodal biometric recognition

systems are covered.
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Chapter 2:- This section will cover the state-of-the-art techniques developed in existing
research work on “Multimodal biometric systems under score level fusion and feature level
fusion with cancelable templates”. Further, details pertaining to the generated database
will be discussed. It will also highlight the research gaps in the existing work that has
stimulated the development of research objectives. Also, the details related to accomplish

the objective 1 and 2 will be discussed.

Chapter 3:- This section will highlight the discussion of the methodology adopted to
accomplish the adaptive score fusion for multimodal biometric system. In addition, it

will also cover the observations and discussion of results.

Chapter 4:- This section will highlight the discussion of the methodology adopted to ac-
complish the development of multimodal biometric system with optimization techniques.
The feature and score optimization is performed for higher performance. The obtained

experimental results will also be elaborated against the other compared state-of-the-art.

Chapter 5:- This section will highlight the discussion of the methodology adopted to
accomplish the development of a multilevel security framework for multimodal biometric
system. The brief details highlighting the accuracy and the effectiveness of the proposed

methodology will also be discussed.

Chapter 6:- This section will contain the brief summary of all the ideas, observations and
contributions of the resultants obtained in each objective. Also, the future directions are

sketched in this section.
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Chapter 2

Literature Review

Recently, multimodal biometric systems are extensively investigated for achieving robust
and reliable solutions. In this section, we explicitly reviewed recent literature which is
closely related to our work. The various approaches for biometric recognition are briefly

reviewed and are detailed as follows.

2.1 Score Level Fusion

Generally, multimodal biometric systems perform fusion at feature level, score level and
at the decision level. Score level fusion is considered as a suitable approach as it not only
increases the reliability of the results but also reduces the overall complexity. There are
various score fusion techniques proposed by researchers. For example, in [71], T-norms
were used to fuse matching scores evaluated from multiple hand modalities like finger
knuckle print, palm print, finger vein, and fingerprint. Evaluated scores were also nor-
malized and score fusion was performed using different T-norms. Similarly, Nanni et al
[63] used statistical and machine learning approaches for a combination of various finger-
print matchers on 4 FVC2006 databases. Authors investigated various score level fusion

algorithms to check the best approach for score fusion and correlation among multiple
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fingerprint classifiers. Also, Abderrahmane et al [4] proposed weighted quasi-arithmetic
mean (WQAM) to perform score fusion estimated via different trigonometric functions.
In [18], age classification was performed on the basis of face and ocular fusion. In [101],
authors proposed a multiple-instance score fusion using a finger-knuckle print of 4 differ-
ent fingers. Match scores were first normalized and then combined together to make a
decision. In [105], score fusion using likelihood ratio via copula models was performed.
Similarly, authors in [108] proposed a score level fusion technique using likelihood ratio
under the assumption of Naive Bayes. The likelihood ratio was estimated via opera-
tion points on ROC. Results were evaluated over the Face Recognition Grand Challenge
(FRGC) 2D-3D face database. However, the biometric modalities were chosen from a

single body part, these methods mostly suffered from universality problem.

To resolve the issue of universality, traits belonging to multiple regions were adopted. For
instance, In [97], iris and facial features were fused at score level. In this, each individual
classifiers was assigned with a weight and a weighted score level fusion was performed.
The fused score is used to take the final decision. Similarly, weighted score level fusion
was used for animal classification using facial images [106]. Also, Sim et al [98] presented
a score fusion technique to combine similarity scores from the face and iris biometric
traits. The experiments were performed on self-made ” Universiti Teknologi Malaysia Iris
and Face Multimodal Datasets” (UTMIFM) dataset along with the ORL face database
and UBIRIS version 2.0 database. Also, Mukherjee et al [59] presented a score fusion
method where different similarity scores were mapped to a single amalgamated match
score for decision making. Parameters were tuned using differential evolution (DE) to
reduce the overlapping of genuine and imposter score distribution area in a frequency

distribution plot. Results were evaluated over two databases each having four different
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modalities viz. iris, fingerprint, left and right ear. Further, in [52] a probabilistic score
fusion algorithm was presented where the fusion was cast into an optimization problem.
The effectiveness of the algorithm was demonstrated on two databases viz NIST-BSSR1
and XM2VTS-benchmark respectively. In [38], matcher performance-based (MPb) fusion
scheme was proposed to carry out score fusion. Also, score fusion for multiple biometric
traits was performed using DSmT Theory [92, 64]. In [15], a hybrid approach using both
score and decision level fusion was followed. Scores from individual classifiers were fused
using Mean-closure weighting (MCW) and a decision was made based on DS theory over
3 virtual multimodal databases. In [84], a score fusion technique which combined scores
from iris and face modalities was proposed. The authors deployed a fuzzy clustering

method to effectively localize iris images improving the overall results.

Poh et al [74] incorporated quality during fusion which determined the reliability of the
results given by fusion methods. In this, the quality information was used by Bayesian
framework working with discriminative and generative classifiers to improve system’s per-
formance. Similarly, in [75], authors proposed a quality-dependent technique for score
normalization in order to minimize the performance degradation. Also, Kabir et al [37]
proposed a novel normalization and weighting technique for score level fusion. Further,
authors in [95] investigated a joint sparse representation including a quality measure for
each modality which optimized individual classifier scores. In [104], social behavioural
information was fused with physiological biometric traits at score level to improve perfor-
mance. Also, Kihal et al [42] used iris and 3D cornea features for biometric authentica-
tion. Min, Max, sum and weighted-sum was used for score Level fusion. Similarly, these

approaches were also used for fusion in [77, 40]. Gao et al [22] proposed a score level
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adaptive binary fusion to adaptively fuse matching distance before and after reconstruc-
tion of Finger-knuckle print. Similarly, Ribaric et al [82] performed matching score level
fusion by means of total similarity measure using hand geometry, finger and palm-print
as biometric modalities. However, the performance for these methods was compromised
under a dynamic environment and vulnerable against spoofing attacks. Also, the con-
flict in match scores and the optimal combination was limitedly addressed among the

techniques.

2.2 Classifier Optimal Fusion

Individual classifier scores are generally optimized to resolve conflicting match scores.
Nandakumar et al [61] proposed an optimal match score fusion technique on the basis
of a likelihood ratio test. A finite Gaussian mixture model was created using genuine
and impostor score distribution. Experiments were conducted on 3 publicly available
datasets NIST-BSSR1, XM2VTS-benchmark and WVU database. To resolve the conflict
among classifier scores, Walia et al [120] presented a score fusion approach using PCR-
6 with Backtracking Search Optimization. Similarly, authors in [57] proposed a score
fusion technique incorporating belief functions for iris and face modality. Authors used
Denoeux and Appriou models to convert matching scores into belief assignments and
PSO was used to compute the confidence factor. DS theory was then used to combine the
masses and PCR-5 to predict the user’s class. Also, Liau and Isa [53] used support vector
machines(SVM) to perform weighted score level fusion of optimized face and iris feature
scores. In [30], authors developed a fast optimization technique which required only first

order information for optimization process. Similarly, Particle Swarm Optimization was
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used to optimize various parameters based on varying system requirements. [115, 85].
Similarly, veluchamy and karlmarx [116] used fractional firefly optimization to evaluate

optimal weight scores for fusion.

In [118] authors used graph diffusion technique to secure the biometric template and
optimally fuse the individual classifier scores. Also, Kumar and Kumar [46] explored
multimodal systems to adapt to different security levels. An Ant Colony Optimization
(ACO) based parameter manipulates various other parameters like threshold, fusion tech-
nique, weights, etc. depending upon the given security level. Grey wolf optimizer was
used in [49, 96] to tune the fusion parameters for multimodal biometric system. Similarly,
Bianco and Napoletano [7] optimized multiple biometric signals for various hyperparame-
ters using sequential model based optimization. Further, Ajay et al [45] used hybrid PSO
to optimize individual classifier scores before fusion process. Also, Eskandari and Shar-
ifi [17], backtracking search algorithm[BSA] is used to perform parameters optimization.
However, the performance of these systems degraded in the presence of noisy input data.

Also, latest optimization algorithms were not incorporated for parameter optimization.

2.3 Template Protection

Cancelable biometrics are used to protect templates by performing the matching and
storage in a different domain [62]. Generally, in the case of template stealing, the stolen
template is revoked and an entirely different template is created by altering the key. Thus
it fulfils the necessary requirements for template protections namely revocability, non-
invertibility, diversity and accuracy [62][68]. Transformation performed on biometric data

can be mainly classified as non-invertible transforms and biometric salting. Biometric
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salting can be additionally classified as projection-based transformations, noise-based

transformation, and convolution-based transformation.

Transformations based on random projection projects biometric data to a random sub-
space using various transformation techniques. The most popular technique in this cat-
egory is bio-hashing [35, 6] which projects the features into the orthonormal sub-space.
It provides good discrimination capability and high performance. However, this method
suffers from the problem of irreversibility if both template and transformation matrix
are compromised. In [111] authors proposed an extension of the bio hash technique to
address the issue of stolen-token scenarios. In this, the authors used a novel multi-state
discretization technique instead of a simple threshold scheme. Pillai et al proposed a new
variant of random projection namely Sectored random Projection [72] technique where the
biometric feature is segmented into various sectors, then on each sector, the random pro-
jection is applied and concatenation was performed to generate the cancelable template.
This method not only caters to the issue of useful iris area reduction, but it is also robust
to common iris outliers. To improve non-invertibility, Teoh et al [110] introduced a novel
technique, random multi-space quantization (RMQ), wherein the biometric feature vector
was mapped with a sequence of random sub-spaces using a pseudo-random sequence. In
the second step, quantization was performed based on a threshold value. Teoh et al also
proposed a multi-space random projections technique [112] which is a two-factor cance-
lable formulation and feature vector obtained from biometric modalities is projected to
multiple random subspaces based on a user-specific pseudo-random number. Wang et al
proposed a random projection with vector translation method [123] for cancelable biomet-
rics wherein biometric data was projected using a Gaussian random variable. Also, Paul

et al [69] proposed a random cross-folding method using random projection and selection
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to create cancelable templates. In order to make it a user-dependent dynamic process,
Yang et al proposed a non-linear projection process in which the projection vector was
dynamically decided by feature vector itself [125]. In general, most of the projection tech-
niques discussed are vulnerable to attacks such as inverse operations if both templates
and transformation matrix are stolen [50]. Accordingly, researchers have proposed other

methods like random convolution transformations for generating cancelable templates.

In random convolution(RC) based transformations, cancelable templates are generated
by convolving the biometric feature using a random kernel. Savvides et al. [90] used Min-
imum Average Correlation Energy (MACE) filters as a convolution method to generate
cancelable templates. In [86], authors used the concept of locality sensitive hashing to
generate secure, cancelable iris features. Maiorana et al proposed a Bio-convolving tech-
nique where a set of non-invertible transformations were performed on sequence-based
biometric representation [56]. But if kernel used for transformation is known, it can be
vulnerable to inverse attacks. To overcome this issue, an algorithm using curtailed circu-
lar convolution was proposed [121]. The algorithm convolved input binary features in a
circular manner using random binary strings imparting non-invertibility. In [94], the au-
thors used the quality of fingerprint features to determine the presence of live fingerprint.
Similarly, Ali et al. [5] used a user key set to modify minutiae information from finger-
print to produce cancelable templates. Further, Trivedi et al. [114] used a binary user
key on fingerprint modality to generate cancelable templates. Lee et al [51] used novel
cancelable biometric scheme that did not require alignment for fingerprint biometric.
Similarly, Wang and Li [122] generated cancelable palmprint template using Orthogonal
Index of Maximum (OIOM) hash and Minimum Signature Hash (MSH). Also, Mai et

al [55] used randomized CNN to generate secure face templates using user-specific keys.



Chapter 2. Literature Review 15

In [109], bidirectional associative memory (BAM) was used to bind biometric templates
to random bit-strings generating cancelable templates. Also, Canuto et al [14] used en-
semble system for cancelable transformation in multimodal systems. Further, Takahashi
and Naganuma [107] used correlation invariant random filtering (CIRF) by generalising
it on the basis of a quotient polynomial ring for generating secure templates. In [87],
transformed features were computed from local and distant structure using fingerprint
modality. Similarly, Gao and Zhang [23] mapped real minutiae to a synthetic template to
generate cancelable biometric. Further, Sandhya et al [88] used Delunay Triangle to con-
struct cancelable feature set for fingerprint modality. On the other hand, wu et al. [124]
presented ECG as a biometric and generated revocable templates using signal subspace
collapsing. Similarly, Kim and Chun [43] used ECG as cancelable biometric by using gen-
eralized likelihood ratio test in compressive sensing domain. Further, ECG modality was
fused with fingerprint using CNN for a cancelable multimodal biometric system [31]. The
cancelable biometrics is also widely used with multimodal biometric systems to remove

various limitations imposed by unimodal systems.

Rathgeb and Busch used adaptive bloom filters to transform iris feature for both eyes of
a single subject and fused them at feature level [81, 80]. This method provided improved
performance but vulnerable to template linking. A Random Permutation Principal Com-
ponent Analysis (RP-PCA) method was introduced by Kumar et al. [48] to generate
cancelable biometric using face, iris, and ear modality. The accuracy of the system was
unaffected and the robustness of the system was improved. Similarly, Murakami et al
[60] used permutation based indexing for securing the biometric templates efficiently.
Also, Dwivedi and dey [16] created a hybrid scheme for a cancelable multi-biometric

system combining Mean-Closure Weighting (MCW) with Dempster-Shafer (DS) theory.
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This scheme showed robustness against score variability and considerable performance
improvement over uni-modal counterparts. Similarly, Walia et. al [119] proposed a can-
celable biometric system by performing cross-diffusion of graphs. Later, PCR-6 was used
to fuse belief masses from individual classifiers. Experimental results demonstrated better
performance than many existing techniques. In [128], authors used biometric layering to
conceal the user identity over multiple fingerprints. Also, Sui et al [103] created a bio-
capsule after fusing multiple modalities and using it for authentication. Chang et al [9]
used bit-wise encryption technique to generate cancelable multimodal biometric system.
Kaur and Khanna [41] proposed a novel random distance technique for transformation
in a multi-biometric scenario using face, palmprint, and finger-vein as input modalities.
Similarly, walia et al [117] used key images to generate cancelable features and dimension
reduction. A multifold random projection was introduced by Paul and Gavrilova [70]
for a multimodal biometric system with improved recognition performance. Chin et al.
[11] proposed a template protection scheme wherein original fingerprint and palmprint
templates were arranged in random rectangles using user-specific keys. Later, statistical
features were extracted and fused at the feature level to generate cancelable templates.
Similarly, Gomez-Barrero et al. [25] used bloom filters on face-finger vein and face-iris to
generate protected templates and a weighted feature level fusion was performed to gener-
ate the multimodal cancelable template. With increasing attacks on biometric systems,

detection of fake biometric is equally important as the protection of biometric data.

Based on the above discussion, it is evident that securing biometric systems from various
attacks should be of top priority. Also, biometric systems should be adaptive to dynamic
environmental conditions. Further, accuracy and performance of the system is very im-

portant. Accordingly, multimodal biometric systems are proposed which are not only
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adaptive in nature but also improves the overall security of the biometric system.

2.4 Performance validation

For performance validation of the proposed biometric systems, robust evaluation metrics
are chosen. In addition, different biometric samples from multiple benchmarked datasets
are chosen for performance evaluation. The details related to the exploited evaluation

metrics and the benchmark datasets is discussed in the following sections.

2.4.1 Evaluation Metrics

The proposed system’s performance is quantitatively analyzed by means of Decidability
Index (DI), Equal Error Rate (EER), and Recognition Index(RI). Further, the results
are compared with other state-of-the-art fusion methods. During this process, feature
extraction and score calculation techniques are kept the same for evaluation of all the
methods. Decidability Index (DI) is a performance metric used to quantify the distance

between genuine and imposter score distributions and is calculated using Eq. 2.1

\/ (05 —07)/2

Here, py , pt; denotes the mean values, and o, and o; denotes the standard deviation
values of genuine and imposter scores distributions, respectively. A high decidability
index value suggests a higher ability of the classifier to separate genuine from imposters.

Equal Error Rate (EER) is calculated by plotting ROC curves where the false acceptance
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rate (FAR) is plotted against the genuine acceptance rate (GAR). It provides the measure
of the accuracy of the proposed biometric system. Recognition Index (RI) provides the
recognition rate at rank-1 and can be used for performance evaluation. Cumulative
Matching Characteristics (CMC) curves show the relationship between rank and the

recognition rate.

2.4.2 Benchmark Datasets

Various authors have proposed numerous models for biometric systems, most of which
was evaluated on publicly available datasets. These datasets provide a common base for
evaluation of various biometric systems. The details of the publicly available benchmarked

datasets is as follows:

e CASIA: It is a Face Image Database (ver 5.0) containing 2500 facial images
from 500 users. Images are captured using a Logitech USB camera. All im-
ages are in 16 bit color BMP format having resolution of 640x480.(Casia-FaceV5,

http://biometrics.idealtest. org/)

e CASIA Iris Database: Casia IrisV1 database contains 756 iris images from 108
subjects in two different sessions. All captured images are in BMP format having

a resolution of 320*280 [3]

e CAS-PEAL Database: CAS-PEAL-R1 face database accommodates a total of
30,863 facial images from 1040 individuals out of which 595 are males and 445 fe-
males. The database is captured using 9 cameras to capture facial images with
different poses, facial expressions, six accessories, and various lighting and back-

ground changes [24].


http://www.idealtest.org/dbDetailForUser.do?id=9
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e MCYT database: MCYT fingerprint database is obtained using two different
sensors. These sensors namely CMOS-based capacitive capture device, and an
optical capture device have a resolution of 500 dpi. Twelve samples with each
sensor were captured for each fingerprint from 330 subjects. Image resolution for

captured images is 300x300 for sensor 1 and 256x400 for sensor 2 respectively [66].

e FVC 2006: FVC2006 DB1-A contains 1680 uncompressed, 256 gray-levels finger-
print images from 140 subjects in BMP format. The images are acquired using an

electric Field sensor with image size 96x96 having a resolution of 250 dpi [§].

e IITD Iris Database: II'TD PolyU iris database images are captured with the
help of a digital CMOS camera containing 5 samples from each eye of 224 subjects

having a size of 320x 240 pixels [47].

e MMU Iris Database: MMU2 Iris database consists of 995 iris images in BMP

format having resolution 320x238 pixels from 100 volunteers [2].

2.5 Research Gap

Based on the literature survey potential research gaps were identified. The details of the

identified research gaps is as follows:

e Most of the datasets include only a single modality for a particular user.

e Most of the datasets doesn’t include the real-time scenarios which may actually
happen during biometric recognition. The real-time scenario includes the environ-

mental variations due presence of sunlight, fog, humidity etc.



Chapter 2. Literature Review 20

e There is only limited number of samples available for a particular user in a dataset.

e Most of the techniques, considered modalities either from same region or very few

modalities for score level fusion

e Most of the available techniques are not robust or adaptive to location or environ-

ment variations.

e Requirement of a technique which can estimate the reliabilities of each modality for

effective fusion process.

e Most of the techniques considered limited performance matrices for the evaluation

of biometric system performance.

e Output from each individual classifier need to be optimized for better system’s

performance.

e Most of the biometric systems suffer from single point of failure.

e Compromise of biometric data results in permanent loss of an individuals identity,

and hence, is a growing concern.

e To achieve complete non-invertibility is most challenging as it tends to degrade the

performance.

e Cancelable templates need to be robust against wide range of adversary attacks.

2.6 Research Motivation

Biometric Recognition is an imperative field of Pattern analysis which aim to recog-

nize/authenticate genuine users. A lot of work under various biometric models has been
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proposed but it is still open and challenging due to dynamic environmental conditions
like illumination variations, full or partial occlusion, humidity etc. To adapt such varia-
tions, single modality is not sufficient to provide robust solutions. Most of the available
research work is not efficient enough to address various environmental challenges. Hence,
development of a robust and adaptive biometric recognition model is paramount that
can address these challenges. This work is motivated by the fact that multiple biomet-
ric modalities are necessary for developing robust and adaptive solutions. The adaptive
score level fusion of multiple modalities is another direction that can be evaluated with
the aim to provide adaptive multimodal biometric systems. Using score level fusion,
various biometric systems were provided but performance under dynamic environment
was limitedly addressed. Moreover, these systems were evaluated over limited datasets
only. Optimization of various biometric parameters like matching scores can be explored
to provide better recognition performance. Multilevel biometric recognition systems can
be explored further with the aim to cater the issue of single point of failure. Moreover,
security of biometric data is of utmost importance. This problem can be resolved by
using cancelable biometric systems which are non-invertible and robust against various

security threats.

2.7 Research Objective

This research was focused to develop an adaptive, robust and highly accurate multimodal
biometric recognition system. The objectives which were considered in the current studies

are as follows:
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e To study various state-of-the-art techniques, datasets and performance metrics for

multimodal biometric systems.
e Creation of multimodal dataset for various biometric traits.

e To design and develop an adaptive multimodal biometric system with score level

fusion technique and to make a comparative analysis with the existing systems.

e To carry out the optimization of Multimodal biometric system for some of its critical

performance metrics using combination of various features and classifiers.

e To design and develop an efficient multi-level security system for the developed

multi modal biometric system.

2.8 Significant Findings

The following were the key findings of the present work

e An extensive literature review was performed and biometric modalities were cate-

gorized on the basis of region of origin.

e An in-house multimodal biometric dataset is created which can be used for research

purposes by other researchers as well.

The significant findings of literature review are published in [26].
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Adaptive Multimodal Biometric
System

Generally, multimodal biometric systems provide desired accuracy using fixed rules for
combination and security level. But under dynamic conditions and ever-changing envi-
ronment, the same rules may not be applicable or equally efficient. Keeping this issue in
mind, an adaptive multimodal biometric system with score level fusion technique is pro-
posed, which maps the matching scores into different domain by boosting or suppressing
their values based on the threshold and security requirements to reach a final decision.
The proposed method can effectively distinguish between low-quality images and spoofing

attacks. The next section presents a detailed overview of the proposed method.

3.1 Proposed Multimodal Biometric System

The architecture of the proposed multimodal biometric system is presented in Fig. 3.1.
In this, three biometric features viz. Iris(i), Face(f), and Fingerprint(p) are fused using

the proposed adaptive score level fusion.

24
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Fig. 3.1 Overview of the Proposed Multimodal Biometric System. Features from query

image are extracted and compared with stored templates to generate individual classifier

scores. Combined with reliability factor, scores are fused based on the proposed score
fusion method to reach a final decision

Three biometric features are taken as input and corresponding features are extracted.
For iris feature extraction, segmentation is done using an improvised hough transform
method followed by normalization into rectangular blocks with fixed dimensions using
Daugman’s model. Finally, phase data extracted from 1-D log Gabor filter is quantized
to encode unique pattern into a bit-wise biometric template. For extracting facial feature,
Gabor filters are used which explore various visual properties like orientation selectivity,
spatial localization, and spatial frequency characteristics. The feature vector is created
by convolving the image with Gabor filters. For fingerprint trait, the input image is first
enhanced using binarisation and thinning operations. Further, minutiae-based features

are extracted from the corresponding image.

Comparison of the query image is performed with the templates stored in database and
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similarity match scores are obtained as S?, S/ and S? for iris, face and fingerprint re-
spectively. These scores are processed and optimally combined using the proposed fusion
model. Fusion model comprises of 3 stages: In the first stage, adaptive scores are cal-
culated from the match scores for each modality. In the next stage, confidence and
optimization factors are computed and finally score fusion is performed followed by nor-
malization step. Finally, the fused score is compared with a threshold value to reach a
decision. The proposed system is adaptive in nature as an adaptive score is calculated
depending upon the distance of match score from a threshold value. Also, each modality
is assigned with a reliability factor («) using input image quality which provides unequal
priors depending upon the reliability of input features. The following sub-section presents

the details of the proposed Multimodal Biometric System.

3.1.1 Feature Extraction and Classifier Score Estimation

Multimodal modalities viz. iris, face, and fingerprint are processed for generic feature
extraction and individual classifier scores are determined. For facial feature extraction,
we adopted the Gabor filter approach for edge detection [54] due to low complexity, ro-
bustness against noise and other photometric disturbances [113]. This method recognizes
a particular region of interest by capturing relevant frequency spectrum at specified ori-
entations to extract features [54]. A Gaussian kernel function Y, o (z,y) is used to

modulate the 2-D Gabor filter in form of a complex sinusoidal wave as in Eq. 3.1

1 x2@n y29n
T, o (x,y) =exp ~3 >+ 5 exp(2nvze,) (3.1)
o? ol
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Where,

Ton sin®,, cosO, x

Yoo, —c0s0,, sinO, Y

Here, v is sinusoidal frequency,o, , 0, are standard deviation along x and y direction of

Gaussian envelop and ©,, is the orientation defined in Eq. 3.3

0, =—(n—1) (3.3)

For n=1, 2... m where m represents the orientation count. Here, forty Gabor filters are
used to convolve input grey facial image I/ in five scales and eight orientations followed
by down-sampling by a factor of four to reduce redundancy before concatenating to form
a feature vector, n/ which is stored in the database. Similarly, input facial probe image
is convolved with Gabor filter bank to extract feature vector, v»/. The similarity match
score between store template 7/ and input probe image 1/ is computed using Pearson’s

correlation coefficient using Eq. 3.4

ST = M (3.4)

O'Uf()'wf

where cov calculates the covariance between two vectors and o represents their standard

deviation.

For fingerprint feature extraction, a minutiae-based technique is employed. This technique
is widely used by researchers [20, 102] for its high performance, low complexity and its

analogy with methods used by forensic experts for fingerprint recognition. In this, input
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finger image I? is first pre-processed through binarization and thinning. Binarization

increases the contrast between ridges and valleys using Eq. 3.5

, if I(m,n)>t

0, otherwise

Where I (m,n) represents the intensity value at pixel position (m,n) and t is threshold
value. Thinning reduces ridges to unit-pixel thickness also known as skeletons and is
performed using inbuilt morphological functions on binary images at Matlab platform.
Minutiae are located over the thinned image using a 3x3 sliding window in a circular
anti-clockwise manner to produce rutovitz crossing number (CN) [102] which defines the

type of minutia and can be computed using Eq. 3.6

8
1
CN = 5 ; la; — g1 (3.6)

Where ¢; represents pixel values of eight neighbors of any pixel ¢. Depending upon the
value of CN, ridge pixel may be classified as isolated, ending, continuing, bifurcation and
crossing point. A ridge pixel with a CN of 0 corresponds to isolated, 1 corresponds to a
ridge ending, a CN of 2 corresponds to a continuing ridge point, a CN of three corresponds
to a bifurcation and CN of 4 represents crossing point. Each minutia is then represented
as a vector M=[m,n,CN,d | Where, (m,n) represents the coordinates of pixel p and 6 is
minutia orientation. For input finger image I, a feature template, 7 is generated by

combining n minutiae using Eq. 3.7
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7,]]7 = [Ml,MQ,...Mn] (37)

Similarly, a feature template, ¥? for input probe image is generated. For computing the
similarity match scores, minutiae are matched based on spatial distance and directional
difference and a total number of matching minutiae are computed. Score S? is computed

between the acquired probe image and stored template using Eq. 3.8 as

qP — nm:;;_h (3.8)
1

Here, npqten represents the number of matching minutiae between two templates and n,,

n,, represents the total number of minutiae extracted.

For extracting the iris features, binary templates are generated using Khalil and Chadi
[39] method as it improves the speed and accuracy of the iris segmentation process by
accepting high quality images which also reduce the recognition error and produce a
discriminating feature vector so as to improve the recognition accuracy and computational
efficiency. In this, iris segmentation from input image I'* is performed using circular Hough
transform [127] which provides center and radius of the iris. Further, the iris segment is
normalized into a rectangular block with fixed dimensions using Daugman’s rubber sheet
model [12]. Additionally, localized iris texture is transformed from Cartesian to polar
coordinates and iris texture is mapped in the radial direction using polar coordinates.
The normalized iris is convolved with 1D Log-Gabor filter [21] whose frequency response

is defined using Eq.3.9:
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2
—0.5 x M (3.9)

log (;’—0> i

Where pg represents central frequency and o provides filter bandwidth. The extracted

G (p) = exp

phase data from this convolution is quantized to four levels corresponding to four different
phases. This results in a unique binary pattern, generating iris feature binary template
n®. Similarly, a feature template, v/ for iris probe image is also generated. The similarity
between the input query image and the stored template is calculated using hamming

distance in Eq. 3.10.

HD (i, ) = = >0 @ (3.10)
=1

The hamming distance calculated between two templates is then converted into matching
scores using the radial basis function (RBF) kernel in the range of [0, 1]. Using the
RBF kernel, the match score between the input query image and the stored templates is

computed as per Eq. 3.11

5 (3.11)

The calculated match scores from three modalities S?, S/, SP are passed to the proposed
fusion model to generate a fused score. The design of the proposed fusion model is

discussed in the next section.
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3.1.2 Quality Based Adaptive Score Fusion

The fusion process is very important in a multimodal biometric system for making a
decision. Here, we have proposed an adaptive score level fusion method with reliability
factor (a) corresponding to each modality giving unequal priors depending upon the
quality of input features. The proposed method performs boosting and suppression of
individual classifier scores, which makes it adaptive under dynamic environment and

robust against spoofing attacks.

Biometric image samples acquired under a dynamic environment may contain extra added
noise. A reliability factor («) based on image quality is calculated which provides a
measure of reliability for each modality. Reliability factor («) is estimated based on the
No-reference quality assessment of input images. For this purpose, Blind/Referenceless
image Spatial Quality Evaluator (BRISQUE) is adopted [58] which is used as an image
quality metric. Here, Mean subtracted Contrast Normalized (MSCN) image is generated

from the intensity image (I) using Eq. 3.12.

Ii(z,y) — pe(z, )
g 41 (3.12)

[]2.(1’7 y) =

where k € {f,p,1}, (x,y) are spatial indices, i and o represents the mean and standard
deviation respectively. Further, a Generalized Gaussian Distribution (GDD) is applied

to obtain changes in coefficients distribution in the noisy image using Eq. 3.13.

fulz:p,0?) = m exp (— (7)1,) (3.13)
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where

(3.14)

for k € {f,p,i}, I' is the gamma function, p is a shape parameter and o2 controls variance.
Further, a brisque score is calculated using support vector regression (SVR) model trained
on image database having similar distortions. The input image is compared to the SVR
model with an RBF kernel providing a score value () in a range of 1-100. A low score
value indicates a high quality of input image. Poor quality of the input query image
suggests a high probability of the input image being fake or synthetic/reconstructed. In
such cases, input biometric feature cannot be trusted and the reliability of biometric input

image is reduced accordingly as per Eq. 3.15.

ap =1— /100 (3.15)

for k € {f,p, 1}, moreover, high quality input biometric feature results in high reliability.
Thus, an overall reliability factor («) is calculated for each biometric trait which denotes
the reliability of each subject. This reliability factor («) is incorporated with individual
classifiers match scores (S*) to generate optimized match scores with unequal priors using

Eq. 3.16.

QOF =y x SF (3.16)
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For k € {f,p,i} representing face, finger and iris modality. Thus, the reliability factor
helps to tackle fake biometric features but also various dynamic environmental conditions
where one modality is more reliable than any other modality by providing unequal priors.
Individual classifier scores are optimized by calculating the adaptive scores (®*) for each

modality using Eq. 3.17 as

PF = QF — (72 - Qk2> (3.17)

Where, 7 is an optimal threshold value and ¥ denotes the match scores of individual
classifiers for k € {f,p,i} representing the face, finger and iris modality. Further, a
confidence factor (A) for each modality is calculated from the threshold value using Eq.
3.18 which indicates the score difference from the threshold value. Higher the difference,

value of confidence factor will be high for both genuine and imposter scores.

A =08 — 1 (3.18)

Using adaptive score, ®; and Confidence factor A;, an Optimisation factor, £ is computed

for each modality as per Eq. 3.19

€= Xn: AFQF (3.19)
j=1

where n denotes the number of modalities. Optimization factor, £ helps in determining

the level of boosting or suppression to be done for individual match scores. The final
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fused score is estimated using Eq. 3.20 and is passed to a decision model for classification

into genuine or imposter class.

1 n
Sfus — NZ@’“ + ¢ (3.20)
=1

The proposed score fusion is adaptive in nature as it performs boosting and suppression
of individual classifier scores using Eq. 3.17 which helps in creating distinguished deci-
sion boundary for genuine and imposter class and robust against spoofing attacks as it

incorporates quality based reliability factor using Eq. 3.16.

3.1.3 Decision Model

The fused score is normalized using min-max approach and a final decision is performed
using an optimal threshold value (7) if the normalized fused score is greater than 7, then
it is considered as Genuine else imposter. For validation of the proposed method, exper-
iments are performed on three chimeric multimodal datasets generated using benchmark

images. The next section provides the details of datasets used and its overall analysis.

3.2 Experimental Validation

The performance of the proposed multimodal biometric system is evaluated over three
multimodal databases in both qualitative and quantitative manner. In qualitative anal-
ysis, face, fingerprint and iris modalities are combined to generate a final score and are
compared with individual classifier match scores. On the other hand, during quantita-

tive analysis, various performance metrics like Decidability Index (DI), Equal Error Rate
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(EER), and Recognition Index (RI) are determined. In addition, the performance of the

proposed score level fusion method is compared with other state-of-the-art methods.

3.2.1 Database & Experimental Design

We have obtained our Multimodal datasets from various benchmark datasets to validate
our proposed algorithm. These Chimeric datasets are obtained by uniquely combin-
ing benchmark datasets namely CAS-PEAL Large-Scale Chinese Face Database [24],
Casia-Face version 5.0 (Casia-FaceV5, http://biometrics.idealtest. org/), MCYT Bi-
modal Database [66], FVC2006 DB1-A fingerprint database [8], Casia iris database (Casia-
IrisV1, http://biometrics.idealtest. org/), IITD PolyU iris database [47] and MMU2 iris

database [2]. Few Sample images of the mentioned datasets are available in Fig. 3.2.

Chimeric Multimodal
Database

D1 Datahase D2 Database D3 Database

Face

CAS-PEAL-R1 Face accessories database

Fingerprint

MCYT Fingerprint database MCYT Fingerprint database
(Sensor 1) (sensor 2)
Iris ‘ . ’@ "Q
ITD PolyU Iris database Casta IrizV1 database MMU? Iris Database

Fig. 3.2 Sample multimodal database images from the benchmark datasets

Three chimeric datasets are created namely D1, D2 and D3 to validate the proposed
multimodal biometric system. D1 contains samples from N distinct subjects from CAS-
PEAL-R1 accessories face database, MCY'T fingerprint database from sensor 1 and IITD

iris PolyU database. A virtual multimodal dataset containing N subjects is created
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by combining distinct subjects from each of the above-mentioned datasets. Similarly,
D2 dataset is created from distinct subjects each from CAS-PEAL-R1 expression face
database, MCY'T fingerprint database from sensor 2 and Casia IrisV1 iris database and
D3 dataset is created from distinct subjects each from Casia V5 face database, FVC2006
DBI1-A fingerprint database, and MMU?2 iris database. Also, all the subjects are different
in D1, D2 and D3 database. In addition, a consolidated multimodal dataset, D4 of 3N
subjects is also created by merging all subjects from D1, D2, and D3 databases. Five-fold
cross-validation is performed with five different samples considering each sample as input
subject once. We have implemented the proposed system on MATLAB 2018a platform
with the hardware configuration of 4GB RAM and Intel i3 processor. The next section

presents a qualitative analysis of the proposed system.

3.2.2 Performance Validation

The proposed adaptive multimodal biometric system is validated in a qualitative and
quantitative manner. A qualitative analysis of the proposed system is presented in the

next section.

3.2.2.1 Qualitative Validation

The performance of the proposed adaptive multimodal biometric system is validated over
three multimodal databases and scores from individual classifiers are combined together
using the proposed fusion method by boosting and suppression of the individual classifier
match scores based on optimal threshold 7. For this, an adaptive score is calculated

where scores above the optimal threshold are boosted to high values while scores below
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the threshold are suppressed to lower values. In the next step, a confidence factor (A¥)
is calculated corresponding to adaptive match scores using Eq. 3.18 such that higher
the value of score from the threshold, higher will be the corresponding confidence fac-
tor. Similarly, lower score values yield a low confidence factor corresponding to adaptive
match scores. Further, an optimization factor is calculated using the confidence factor
from individual classifiers. Boosting or suppression is carried out based on the value of
the optimization factor which is decided on the basis of combined consensus from indi-
vidual classifiers. The value of the optimization factor will be high if all three individual
classifiers consider the subject to be genuine resulting in a boosted fused score. Similarly,
if all individual classifiers consider a subject to be an imposter, a more suppressed fused

score is generated as shown in Fig. 3.3.

Adapﬁve Fusion: Genuine Adaptive fusion: Imposters
7 7 T 0.7r LS L B L N
F Boosted genuiry | 0 [——Face —— Finger —— Iris —— Proposed Method |
0.9k | g } ) 0.6 ]
(RE ) h IER| E .
)8 / ¥ | | +
EW A N : HTE Y 0.5 —
7] |2 13 L
g 0.7F 5t R
A F Q04F ]
g I g 03F ]
A G AW
0.4F E i "x :Zl\\ — AW \ [
0.3F ' 3 vV V '
E [—F Finger —— Iris Proposed Method |
0_2" 1 1 1 1
0 10 20 30 40 50
Subjects Subjects
(a) Genuine Score values (b) Imposter Score values

Fig. 3.3 Comparision of Individual Classifier Scores with fused scores after boosting
and suppression of (a) Genuine Scores and (b) Imposter scores

Hence, score values change adaptively depending upon their distance from the threshold
value. These two steps largely contribute to the boosting and suppression of individual
classifier match scores and add to the adaptive nature of the proposed biometric system.
Boosting factor calculated from these two steps determines the amount of boosting and

suppression to be performed and is used during the final score fusion process. This also
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leads to a higher separation between the peaks of genuine and imposter score distribution.
The score distributions for individual classifiers as well as fusion model are presented in
Fig. 3.4. The figure shows frequency of scores for genuine and imposter users denoted
by red and blue plots. The plots clearly show that the average imposter score value is
very low as compared to average genuine values. Reliability factor («) is also introduced
corresponding to every individual input probe image depicting its reliability depending
upon the environmental conditions, equipment used, etc. This reliability factor is com-
puted using no-reference image quality scores provided by BRISQUE. If the input probe
image possesses high noise, its quality will be low and vice-versa which helps in addressing

various environmental challenges.

The frequency distribution of genuine and imposter scores of all 3 individual classifiers
shows the smaller distance between peak values. This is generally due to irregularities
in captured images, noise, and other environmental conditions. It basically represents
a high rate of false acceptance and false rejection with smaller distance resulting in the
decreased overall efficiency of the individual classifiers. On the other hand frequency
distribution of scores for the proposed biometric system clearly shows the larger distance
between Genuine and imposter classes and is also depicted in the quantitative analysis of

results obtained.

3.2.2.2 Quantitative Validation

Quantitative analysis of the proposed system is performed on the basis of accuracy anal-

ysis, adaptivity analysis, and time-complexity analysis.
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Fig. 3.4 Frequency Distribution Curves for D1 and D2 databases for (a) Face images
over D1 (b) face images over D2(c) Fingerprint images over D1(d) Fingerprint images
over D2 (e) Iris images over D1 (f) Iris images over D2(g) Proposed Method over D2
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3.2.2.2.1 Accuracy Analysis

The accuracy of the proposed system is analyzed using performance metrics namely EER,
DI, and RI. The performance of the proposed method is compared with state-of-the-art
techniques using these metrics as well. EER, DI, and RI values for various methods viz.
T-norms (2011)[32], score fusion using PCR5 (2018) [93], score fusion using PCR6 with
BSA (2019) [120], PSO weighted sum (2009) [100], Symmetric Sum (2018) [10], weighted
score fusion (2014) [99] and fuzzy approach based score fusion (2016) [19] are compared

with the proposed fusion method in Table. 3.1
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The EER value for proposed score level fusion method is 0.87 for D1 database, 0.11 for
D2 database, 0.16 for D3 database and 0.61 for consolidated D4 database which is lowest
in comparison with other state-of-the-art methods. The efficiency of the proposed system
is also depicted by high decidability value of 5.14 for D1 database, 7.95 for D2 database,
6.71 for D3 database and 5.96 for D4 database and supported by ROC and CMC curves
in Fig. 3.5 and 3.6 respectively. It is due to boosting and suppression of match scores
which effectively distinguishes between Genuine and Imposter classes by creating a clear

decision boundary. The variation among EER values is due to the use of different datasets

and five-fold cross validation.
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Fig. 3.5 Performance comparision of evaluated methods: ROC curves for D1, D2 and

D3 database (a) ROC curves for various fusion techniques over Database D1 (b) ROC

curves for various fusion techniques over Database D2 (c¢) ROC curves for various
fusion techniques over Database D3

Quantitative analysis reveals that limitations of individual classifiers were effectively ad-
dressed by the proposed fusion method providing higher accuracy and more reliable re-
sults. The complimentary traits are fused together making system adaptive to dynamic
environmental conditions and robust against spoofing attacks. The Roc curves in Fig.
3.5 and CMC curves in Fig. 3.6 shows the proposed fusion method performs better in

comparison to single modality as well as other fusion methods.
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various fusion techniques over Database D1 (b) comparison of CMC curves of various
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techniques over Database D3

3.2.2.2.2 Adaptivity Analysis

To prove the adaptive nature of the proposed system, a new database was created by
introducing extra noise to the original database which imitates acquired samples in a
dynamic environment and spoofing attacks. For this purpose, Gaussian noise with o
= 0.05 and offset 6 = 0.01 was introduced in iris and face images while for fingerprint
images a Gaussian filter with a standard deviation of 0.4 is used. Sample images from

the noise-induced database are shown in Fig. 3.7

(a) Gaussian Noise (b) Gaussian Noise (c) Blurred

Fig. 3.7 Sample images from Noisy database

Matching scores were calculated using noisy images as input probe images and the per-
formance of the proposed biometric system was evaluated. During the fusion process,

firstly, the noise was introduced in a single modality followed by noise introduction in
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two modalities and in the end noise was introduced in all three modalities and system’s

performance was measured in form of EER as tabulated in Table 3.2.

TABLE 3.2: Comparision of EER values for D1, D2 and D3 databases after adding

Noise
Noise in | D1 D2 D3
modal- Database Database Database
ity
fpi 2.0140.23 1.00£0.32 2.4340.28
foi 1.80£0.17 0.15+0.21 0.9140.15
fpi 2.0840.32 2.8640.36 2.01+0.41
fpi 2.9540.22 1.99+£0.38 3.49£0.57
fpi 4.98+0.65 24.27+2.61 16.424+1.95
foi 4.99+1.23 4.01+1.66 3.454+1.35
fpi 39.85£4.72 58.0745.81 60.7845.08

where f, p, i represents noisy modality for face, finger, and iris respectively. Low EER
values indicate that the proposed system is able to give optimal performance when noise
is introduced in one or two modalities. This represents dynamic environmental conditions
where the acquired input probe image contains noise. The performance of system expo-
nentially decreases when the input probe images from all three modalities were noisy. This
represents a spoofing attack situation where synthetic/reconstructed samples with poor
image quality are used. Thus the proposed multimodal biometric system is adaptive
in nature withstanding dynamic environmental conditions and robust against spoofing

attacks.

3.2.2.2.3 Time Complexity Analysis
The computational efficiency of the proposed system is analyzed though time-complexity

analysis of score fusion process of various methods. The time taken per subject by the
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proposed system is compared with other state-of-the-art methods in Table 3.3. It is
evident from the results that the performance of the proposed method is comparable to
other methods and better than its unimodal counterparts. The proposed method not
only shows high performance but also provided added advantages after incorporating

reliability factor.

TABLE 3.3: Comparision of time complexity for various Biometric recognition methods

Method Time(ms)
Face 29.08
Finger 17.37
Iris 20.81
PCR5 (93] 17.43
PCRG with BSA [120] 20.44
PSO wtd. Sum [100] 29.16
Symmetric Sum [10] 23.56
Frank t-norm [32] 20.26
Yager t-norm [32] 21.85
Weighted Score Fusion [99] 22.15
Fuzzy Score Fusion [19] 51.85
Proposed Method 20.56

In sum, the proposed fusion model optimally fuses complementary features making it
adaptive to the dynamic environment and robust against spoofing attacks. Various facial
distortion, iris off-angle blur, and insufficient boundary information in fingerprints limits
the performance of individual classifiers and is also revealed in quantitative analysis. On
the other hand, the proposed fusion method not only overcome these limitations by adap-
tively combining individual classifiers but also makes the system robust against spoofing

attacks. An adaptive fusion is performed by boosting and suppression of match scores.
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Image quality is incorporated which boosts the adaptive nature of the proposed system
under dynamic environment and robustness against spoofing attacks as compared with
other state-of-the-art methods. The performance of the proposed method is validated
with high decidability index, recognition index and low EER value are compared with
other state-of-the-art methods. Moreover, lower time complexity makes the proposed sys-
tem suitable for various real-time industry and security application. Hence, the proposed
system shows improved performance along with adaptivity under dynamic environment

and robust against spoofing attacks.

3.3 Significant Findings

The following were significant findings of the proposed adaptive multimodal biometric

system with score level fusion.

e An adaptive multimodal biometric system using score fusion technique is proposed

having three complimentary modalities namely fingerprint, iris and face.

e Boosting of concurrent classifier scores and suppression of discordant classifier scores
is performed simultaneously. This approach creates a clear and distinguished decision-

boundary between an imposter and a genuine class.

e The reliability factor is calculated using no-reference quality measurement tech-
niques for each modality. This not only adds to its adaptive nature but also makes

it more robust under a dynamic environment and against spoof attacks.

e The proposed method is experimentally validated over three multimodal chimeric

datasets generated using benchmarked images. The results depict high performance,
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low error rate and better detection of fake biometrics as compared to state of the

art techniques.

The experimental results along with other findings were published in [28].



Chapter 4
Multimodal Biometric System with

Optimal Fusion



Chapter 4

Multimodal Biometric System with
Optimal Fusion

Multimodal Biometric systems combine information from multiple sources to reach a final
decision. Score level fusion combines outcomes of individual classifiers to make a final
decision. However, most of the biometric systems suffer from the issue of score confliction
of individual classifiers. Similarly, during feature level fusion, individual feature vectors
also need to be optimized so that they can be compatible for fusion. Further, the length
of feature vectors also needs to be optimized so as to reduce the overall space complexity.
To resolve these issues, we have proposed a novel optimized score level fusion using
Grasshopper optimization where the performance optimization of individual classifiers
is performed and a concurrent solution is achieved by means of proportional conflict
redistribution rules. Here, two complementary biometric features viz. fingerprint and iris
are used. These biometric traits offer convenience along with the availability of economical
devices. While fingerprint is very easy to use, iris pattern is invariant over long term and
hard to spoof. Thus, proposed system provides high security and robustness while being
economical. Also, same biometric are used for optimal feature level fusion to generate

cancelable templates. The proposed system not only provides high performance but also

49
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reduce overall space requirement by 75%. Further, the proposed system is adaptive to

dynamic environmental changes and robust against various security threats.

4.1 Proposed methodology for Optimal Fusion

The process of fusion is paramount in any multimodal biometric system. However, conflict
among individual classifier scores need to beresolved. Also, biometric features can be of
varying length and occupy more space leading to scalability issues. Thus, there is a need
to optimize these features and scores so as to improve the overall performance of the
system and also reduce its space complexity. Next sub-section describes the architecture

and performance analysis of the optimized Feature level fusion technique.

4.1.1 Optimized Feature Level Fusion

We have proposed a feature level fusion method with template protection. The proposed
method is not only adaptive but also robust against various attacks. Fig. 4.1 represents
the architecture of the proposed system. Here, a cancelable template is generated by

optimal fusion of Iris(i) and Fingerprint(f) modalities with user-specific keys.

Features from iris modality are extracted by image pre-processing combined with Local
Binary Pattern(LBP) [65]. Also, features from fingerprint modality are extracted by
first performing binarization and thinning operations. Next, minutiae-based features are

generated from the input image.

Feature points at " position of the iris feature vector is considered as abscissa and

fingerprint feature as ordinate. Combining them together, a point (x;, ;) is defined in a
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Fig. 4.1 Overview of the proposed optimal fusion scheme scheme. Input sample quality

is evaluated and combined with extracted features from the input query images. Feature

Vectors and user key is used to generate triangle. The perimeter of each triangle is

computed and combined together to generate a cancelable template. This is compared
with stored templates to evaluate similarity score to reach a final decision.

cartesian coordinate system. Similarly, (i + 1) feature points are used to create a second
point. Further, one more point (K, ky;) is extracted from a user-specific key. These three
points are used to plot a triangle whose perimeter ¢; is computed. The perimeter values
for all subsequent triangles are concatanated together to generate a fused cancelable
template. A similarity score is calculated by matching the generated template with the
stored templates in the database. Finally, the match score is compared with an optimal
threshold value to reach a final decision. The proposed system is adaptive in nature as
image quality is used. The in-depth details of the proposed system are presented in the

next subsection.
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4.1.1.1 Multimodal Feature Extraction

Biometric modalities viz. iris and fingerprint are processed using feature extraction tech-
niques to determine individual feature vectors. For fingerprint features are extracted using
a minutiae-based technique which is widely used by researchers [20, 102] as it provides
low complexity with high performance. For this, first of all, binarization and thinning
operations are performed as a pre-processing step on input query fingerprint image /. Bi-
narization operation helps in increasing the contrast between ridges and valleys as shown

in Eq. 4.1

1, if I(z,y)> h

0, otherwise

Where I (z,y) shows intensity value at pixel position (m,n) and h represents the value of
threshold. Also, a thinning operation is used to reduce ridges to the unit-pixel thickness
and is carried out using in-built morphological functions in the Matlab platform on binary
images. Rutovitz crossing number (CN) is computed by locating the minutiae over the
thinned image using a sliding window of size 3x3 in an anti-clockwise manner [102]. The

CN defines the minutia type and is calculated using Eq. 4.2

8
1
CN = 5;&% — D1 (4.2)

Where p;. is the pixel values of immediate neighbors for pixel k. The value of C'N is

used to classify ridge pixel as isolated, continuing, ending, crossing point and bifurcation.
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Further, minutia is represented as a vector m = [z,y, C'N, 0] having (z,y) as the pixel
coordinates and € as angle of orientation. For input fingerprint query image I/, an

extracted feature vector, 7/ is created by combining n minutiae using Eq. 4.3

n! = [my,ma,...my, (4.3)

For iris feature extraction, input iris image I; is pre-processed involving localization and
normalization processes. In the first step, an integro-differential operator is used for lo-
calizing iris and pupillary boundaries. In the second step, Daugman’s rubber sheet model
[12] is used to normalize the localized iris into a fixed-sized rectangular block. Further,
the processed image is quantified using the histogram of LBP. From LBP histogram values

li,ly.. .1, , feature vector for iris i’ is generated using Eq. 4.4

n=l...... L) (4.4)

This creates a unique pattern, generating iris feature n’. The extracted feature vectors
n' and 1/ are fused together using the proposed method to generate a cancelable feature

which is discussed in the next subsection.

4.1.1.2 Optimal Feature Fusion Approach

In the proposed fusion scheme, every user is provided with a unique key (x*), where
k € [1, N] to generate a random feature point in cartesian coordinate system as shown in

Eq. 4.5.
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k k k
Rer R Ken/2
kP = (4.5)
ko k k
Ryi  Kya Kyny2

Here k represents the k' user. The length of the key is half to the length of feature vectors
and consists of two rows containing abscissa and ordinate values for each point randomly
distributed in the range [-1000, 1000]. The random points generated using user-specific
key are used in plotting a triangle. In this, feature vectors obtained during the feature
extraction process are optimaly fused together using proposed technique. Each feature
point of the iris feature vector is considered as abscissa and each feature point of the
fingerprint feature vector is considered as ordinate in a cartesian coordinate system. In
case of different feature size, padding can be used so that every feature vector contain an
equal number of feature points. Moreover, the abscissa and ordinates at the corresponding

positions are combined to describe a point(Q) (x, ) such that any user can be defined

as in Eq. 4.6.
_ 4.6
v <X17 7pl) <X27 ¢2) <X37 w?)) - (Xna wn) ( )
For simplicity, the above equation can also be represented as shown in Eq. 4.7
_ 4.7
Sl @ s L. Q. (4.7

Also, as discussed above, each user is provided with a unique user-specific key (k*) of

dimension 2 x n/2. The key is used to create different random points R; in cartesian
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system. Further, a triangle is plotted with @);, ;11 and R; as its vertices as shown in

Figure 4.2
Y-Axis
.Rg{ﬁ;}, 593}
Q'.! Lr}! v 1‘0?}
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(Triangles generated using user-
specific key and feature points)
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Fig. 4.2 Triangle generation from feature points using user-specific key

For each triangle, its perimeterd; is calculated as Eq. 4.8.

§ = 0o+ 65+ 0, (4.8)

where 04, 03, 0, represents the length of three sides of the triangle. In the last step, the

perimeter(d) values corresponding to each triangle for k™ user, are concatenated together
to generate a fused vector (¥ that is cancelable, non-invertible in nature and reduced size
as shown in Eq. 4.9.

Ck = (517527537---5n/2) (49)

The size of generated template is half of the length of original feature vector and occupies

only 25% of the actual space. Further, in case of template theft, if perimeter (§) values
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are compromised, it will lead to ambiguous values of the vertices of triangle and original
feature points will not be exposed. Thus, the generated template is highly non-invertible
and robust against theft. The cancelable feature obtained is compared with the stored
templates to generate a final match score(S). The final decision is performed based on an
optimal threshold value (7), if the match score(S) is greater than 7, then it is considered
as Genuine else imposter. The next section provides details of the architecture of the

optimal score fusion method.

4.1.2 Optimized Score Level Fusion

In this section, a novel authentication system combining two different features viz. fin-

gerprint and iris is proposed. Its architecture is shown in Fig. 4.3.
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Fig. 4.3 Overview of the Proposed Multimodal Biometric System

As shown above, input biometric images are subjected to feature extraction process and
corresponding feature vectors are obtained. During, iris feature extraction, rectangular
iris sheets are obtained using daugman method on which 1-D log Gabor filter is applied.
The output is converted into bits for various phases. Here, multiple bits are calculated
corresponding to every pixel value which is used as a feature vector for captured iris

modality. Also. for fingerprint modality, input image is processed to extract minutiae
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from which false minutiae are removed to increase accuracy. Further, feature vectors
thus obtained are matched with templates stored in database to generate individual
match scores S° and S/. In the next stage, optimized score fusion takes place, which
consists of two stages. Firstly, individual classifier scores are optimized using Grasshopper
Optimization Algorithm (GOA) [89] followed by fusion of optimized scores using PCR-6
fusion rules. The Grasshopper Optimization Algorithm (GOA) to determine an optimized

weight is discussed in next section.

4.1.2.1 Grasshopper Optimization Algorithm

This is a nature-inspired algorithm which follows the swarming behavior of grasshoppers.
Saremi et al. proposed this algorithm to calculate the shape of architectural structures
[89]. The movement of the grasshoppers is mainly influenced by three factors: gravity
force, wind advection and social interaction. The swarm behavior can be mathematically

represented as:

Z;=F,+Wi+S5 (4.10)

where Z; represents position of the it" grasshopper. Fj, W; and S; indicate the gravity
force, wind advection and social interaction on the i" grasshopper, respectively. However,
instead of using Eq. 4.10, an improved version is generally used to solve problems which

is defined as
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Zimal S Q™) (0 gy ) g (411)
(3 . 2 n m d :

where ubg and lb; is the upper and lower bound in the d* dimension, respectively. T\d
shows value corresponding to best solution obtained of the d** dimension. d,,, = ‘xn —xm|
shows the distance between the m!" grasshopper and n'" grasshopper. f is a designed
function that can be calculated by B(r) = fe™™/' —e". f and [ are two constants.
helps in decreasing the number of iterations and also balances the optimization process.

It is computed by

0 = (g, — tomer — min (4.12)

tmax

where a4, and a,,;, are the maximum and minimum values, respectively. t represents

current iteration and t,,,, represents the highest number of iterations.

4.1.2.2 Optimal fusion using PCR-6 rules

The proposed system combines two complementary biometric features viz. fingerprint
and iris. Information from both the modalities is fused together using Shafer’s model.
During the authentication process, a person can be classified as either genuine or imposter.
Both modalities provide different belief factor for a person. Final belief for the person is

estimated by resolving conflicts among given biometric features. my¢ (gen) and m;(gen)
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represent belief masses for fingerprint and iris respectively. Moreover, the possibility of a

person being imposter can be calculated for each trait by

m;j (imp) = 1 —m;(gen) (4.13)

Where j € {f,i} correspond to fingerprint and iris respectively.

Also, Conjunctive consensus can be calculated as

my; (gen) = H m; (gen) (4.14)
myi (imp) = ] ['m; (imp) (4.15)

where j € {f,i}. Moreover, overall conflict between the two modalities is estimated by
adding partial conflicting masses of genuine and imposter scores of individual classifiers

given by

my; (gen Nimp) = my (gen) xmy; (imp) + my (imp)
(4.16)

xm; (gen) + my (gen) xm; (gen)

In the next step, ‘gen’ and ‘imp’ mass contribution is computed in redistribution using

PCR - 6 rules.
B m;(gen) x mg(imp) (4.17)
m;i(gen)  mg(imp)  m; (gen) + mys (imp)
m;(imp)  my(gen)  m; (imp) + my (gen)
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overall weight is estimated as sum of z; and y; and their respective consensus

Mpers (gen) =my; (gen) + z1+ o (4.19)

Mpers(1Mp) = My (imp) + y1+yo (4.20)

Mypere(gen) and mye6(imp) shows the fused score for a person, whether to classify as
genuine or an imposter. Next, the decision is made using an optimal threshold value to

classify the person as either genuine or imposter.

4.2 Experimental Validation

The proposed systems are experimentally validated over multimodal chimeric databases.
For this, various performance metrics like Equal Error Rate (EER), Decidability Index
(DI), and Recognition Index (RI) are determined to estimate the system’s performance.
Also, their performance is compared with other state-of-the-art methods. The next sub-

section provides the detailed analysis of optimal feature fusion technique.

4.2.1 Optimal Feature Level Fusion

The performance analysis of the proposed system is performed over three different chimeric
databases generated using benchmark images. The database and experimental details are

discussed in the next section.
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4.2.1.1 Database & Experimental Design

The multimodal datasets are obtained using images from various benchmark datasets for
experimental validation. Here, the Chimeric datasets are created by uniquely combin-
ing benchmark datasets namely MCYT Bimodal Database [66], IITD PolyU iris database
[47], Casia iris database (Casia-IrisV1, http://biometrics.idealtest. org/), FVC2006 DB1-
A fingerprint database [8], and MMU2 iris database [2]. The experimental validation is
performed on three chimeric datasets namely D1, D2, and D3. D1 contains fingerprint
samples of N different subjects from the MCYT database (sensor 1) and IITD iris PolyU
database. Thus a virtual multimodal dataset is created for N subjects by combining
the above-mentioned datasets. Similarly, D2 is created by combining N distinct sub-
jects from the MCYT database (sensor 2) and the Casia Iris-V1 database. Also, the D3
dataset is obtained by combining N distinct subjects from the MMU2 iris database and
the FVC2006 DB1-A database. Further, all the subjects in D1, D2, and D3 databases are
completely different. In addition, five-fold cross-validation is carried out to obtain bal-
anced results. The proposed system is implemented over a hardware configuration of the
Intel i3 processor and 4GB RAM using the MATLAB 2018a platform. The performance

analysis of the proposed system is discussed in the next section.

4.2.1.2 Performance Analysis

The proposed system’s performance is quantitatively analyzed by means of various perfor-
mance metrics namely Decidability Index (DI), Equal Error Rate (EER), and Recognition
Index(RI). Also, the results thus obtained are compared with other state-of-the-art tech-

niques. During this process, the same techniques for generic feature extraction and score
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calculation are used for evaluating other methods. The performance metric values for
various methods viz. Random Distance Method (RDM) [41], Bloom Filters [25] and
Enhanced Partial Discrete Fourier Transform (EP-DFT) [126] are compared with the

proposed method in Table. 4.1

TABLE 4.1: Comparison of EER, DI, and RI values for D1, D2 and D3 databases

DB

Method D1 Database D2 Database D3 Database

EER DI RI EER DI RI EER DI RI
RDM[41] 0.6040.23 7.2840.35 974+0.25 0.4040.19 7.6840.37 98+0.75 0.7140.21 7.1140.19 9940.50
Bloom Filter[25] 0.9740.20 5.774+0.42 96+0.50 1.14+0.24 4.984+0.28 9740.45 0.9240.17 5.3340.31 98+40.58
EPDFT[126] 0.4940.32 7.9640.42 98+1.11 0.7840.24 6.2140.46 9740.90 0.6140.25 5.7940.18 97 +£0.80
Proposed Method 0.1440.12 7.584+0.29 99+0.84 0.164+0.15 6.714+0.24 99+0.75 0.094+0.10 9.31+0.22 99+0.80

The EER value for the proposed optimal feature level fusion method is 0.14 for the
D1 database, 0.16 for the D2 database and 0.09 for the D3 database which is lowest
in comparison with other state-of-the-art methods is also supported by ROC curves in
Fig. 4.4. ROC curves of various state-of-the-art techniques are plotted and compared for
three different databases. The proposed method with red plot shows higher performance
as compared to other techniques.
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Fig. 4.4 Performance comparision of evaluated methods: ROC curves for D1, D2 and

D3 database (a) ROC curves for various techniques over Database D1 (b) ROC curves

for various techniques over Database D2 (¢) ROC curves for various techniques over
Database D3

The efficiency of the proposed system is also depicted by a high decidability value of
7.58 for the D1 database, 6.71 for the D2 database and 9.31 for the D3 database and

the variation among EER values is due to the use of different datasets and five-fold
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cross-validation. Further, Performance analysis reveals that the limitations of individual
classifiers were effectively addressed by the proposed fusion method providing higher
accuracy and more reliable results. The proposed system also optimize the features to
reduce the overall space requirements. Next section describes the performance analysis

of the optimized Score level fusion technique.

4.2.2 Optimal Score Level Fusion

The experimental validation is performed over a self-generated chimeric multimodal database.
Further, the performance is measured by means of Equal Error Rate (EER) and Decidabil-
ity Index (DI). Moreover, the proposed system is also compared with other state-of-the-art

methods using these metrics.

4.2.2.1 Database Design

The self-generated multimodal chimeric dataset is generated using images from bench-
mark datasets to validate our proposed algorithm. Here, the images samples from MCYT
Bimodal Database [66] and IITD PolyU iris database [47] are combined uniquely. Also,

Sample images of chimeric multimodal dataset are shown in Fig. 4.5.

The self-generated chimeric dataset contains image samples from 100 distinct subjects
from both benchmarked datasets.Thus, the virtual multimodal dataset created for 100
subjects having image samples for both fingerprint and iris modality. Also, three-fold
cross-validation is performed using three different samples considering each sample as
input once. For implementation purposes, the MATLAB 2016b platform is used along

with a system configuration of 4GB RAM having Intel i5 processor.
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Chimeric Multimodal
Database Image Samples

MCYT Fingerprint database
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OTD PolyU Iris database

) |

Fig. 4.5 Multimodal database sample images

4.2.2.2 Performance Validation

The performance validation of the proposed system is performed on the basis of EER
and DI. Also, EER and DI values are compared with various state-of-the-art techniques
as well. EER and DI values for various methods viz. PSO weighted sum [100], sum rule
[44], min rule [44] and max rule [44] are compared with the proposed method in Table.

4.2

TABLE 4.2: DI and EER value Comparison for various methods

Method EER DI
Finger 2.97£0.10 | 2.77+0.31
Iris 3.47£0.22 | 4.96+0.46
Sum rule 1.15 £0.25 | 4.8340.26
Min rule 1.55+0.62 | 4.484+0.18

PSO wtd. sum 1.99£0.46 | 4.304+0.39

Max rule 1.504+0.72 | 4.55£0.25

Proposed Method | 0.79+0.13 | 5.244+0.24
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The proposed method shows an EER value of 0.79 and DI value of 5.24 for the self-
generated chimeric multimodal database. Also, these values are best in comparison to
other state-of-the-art and unimodal methods which proves the superiority of the proposed
system. The variation in performance metric values is because of using three-fold cross
validation. Performance validation shows that the proposed system effectively resolves
the issues of individual classifiers by giving more accurate and reliable results. The
complementary information from fingerprint and iris is fused which makes the system

highly robust and economical to use as well.

4.3 Significant Findings

The significant findings for the proposed work are as follows:

e Multimodal biometric systems having iris and fingerprint modality have been pro-
posed which overcomes the shortcomings of unimodal systems like universality,

spoofing attacks, etc.

e Biometric features are optimized such that the final template occupies only 25% of

the initial space requirement, thus reducing the overall space complexity.

e Individual classifier scores are optimized using Grasshopper Optimization Algo-

rithm(GOA) which improves the overall system’s performance and accuracy.

e The performance evaluation of the proposed methods evaluated over chimeric dataset
shows high decidability index and low EER value as compared with other state-of-

the-art methods.
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e Also, the proposed systems exhibits very low response time making it suitable real

world scenarios.

In addition, the experimental results along with significant findings of the proposed
work are published in [27]. Also, one more research article for optimal feature fusion

is under review in an SCIE Journal.
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Most of the biometric systems suffer from single point of failure. Thus, security at multiple
levels are required to address single point of failure. Also, the security of biometric data
should be of top priority as biometric information cannot be replaced easily. If biometric
templates are stolen, the user’s identity is compromised for multiple applications and
subject to cross-application attacks as well. Overall, it not only threatens the security, but
it may also incur a significant financial or social loss. To resolve these issues, cancelable
biometrics is widely used. On the basis of above discussion, a cancelable biometric system

with multiple points of security is developed which is discussed in next section.

5.1 Proposed Cancelable Biometric System

Fig. 5.1 represents the architecture of the proposed system. In this, a cancelable template
is generated for Iris(i) and Fingerprint(p) features using the proposed technique with user-

specific keys.

68
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Fig. 5.1 Owerview of the proposed cancelable template generation scheme. FExtracted

features from the input query image are projected onto a plane obtained using a user-

specific key. The points of projection are transformed into cylindrical coordinates to

generate cancelable templates. These are compared with stored templates to evaluate
similarity score to reach a final decision.

The proposed cancelable biometric system takes two biometric modalities viz. iris and
fingerprint and feature vectors are extracted. For extracting features from iris modality,
image pre-processing combined with Local Binary Pattern(LBP) [65] is performed[13].
LBP not only provides low computation but also immune to changes in image grey levels.
For fingerprint modality, the input query image is preprocessed by performing binarization
and thinning operations. Next, feature extraction is performed to generate minutiae-

based features from the input image.

Feature points at i position of the iris feature vector is considered as abscissa and finger-
print feature as ordinate. Combining them together, a point (;, ;) is defined in a carte-

sian coordinate system. Each point thus obtained is projected onto a plane corresponding
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to each feature point obtained using a user-specific key. The points of projection thus
obtained are transformed into a cylindrical space to obtain corresponding feature points.
The azimuth values are considered for generating cancelable templates so as to achieve
non-invertibility. A similarity score is calculated by matching the generated feature with
the stored templates in the database. Finally, the match score is compared with an op-
timal threshold value to reach a final decision. The proposed system is non-invertible in
nature as only the azimuth values are considered for generating the cancelable templates.

The in-depth details of the proposed system are presented in the next subsection.

5.1.1 Multimodal Feature Extraction

Biometric modalities viz. iris and fingerprint are processed using feature extraction tech-
niques to determine individual feature vectors. For fingerprint features are extracted using
a minutiae-based technique which is widely used by researchers [20, 102] as it provides
low complexity with high performance. For this, first of all, binarization and thinning
operations are performed as a pre-processing step on input query fingerprint image /. Bi-
narization operation helps in increasing the contrast between ridges and valleys as shown

in Eq. 5.1

1, if I(x,y)> h

0, otherwise

Where I (z,y) shows intensity value at pixel position (m,n) and h represents the value

of threshold. The threshold value is calculated using Otsu’s method to evaluate global
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threshold for an image [67]. Also, a thinning operation is used to reduce ridges to the unit-
pixel thickness and is carried out using in-built morphological functions in the Matlab
platform on binary images. Rutovitz crossing number (CN) is computed by locating the
minutiae over the thinned image using a sliding window of size 3x3 in an anti-clockwise

manner [102]. The CN defines the minutia type and is calculated using Eq. 5.2

8
1
ON = 53 =i (5.2)

Where p;. is the pixel values of immediate neighbors for pixel k. The value of C'N is
used to classify ridge pixel as isolated, continuing, ending, crossing point and bifurcation.
Further, minutia is represented as a vector m = [z,y, CN, 0] having (z,y) as the pixel
coordinates and € as angle of orientation. For input fingerprint query image I/, an

extracted feature vector, n/ is created by combining n minutiae using Eq. 5.3

n' = [my, ma, ... my (5.3)

For iris feature extraction, input iris image I; is pre-processed involving localization and
normalization processes. In the first step, an integro-differential operator is used for lo-
calizing iris and pupillary boundaries. In the second step, Daugman’s rubber sheet model
[12] is used to normalize the localized iris into a fixed-sized rectangular block. Further,
the processed image is quantified using the histogram of LBP. From LBP histogram values

Ii,ly.. .1, , feature vector for iris i’ is generated using Eq. 5.4

= (l,ly...... l,) (5.4)
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This creates a unique pattern, generating iris feature n’. The extracted feature vectors
n' and n/ are fused together using the proposed method to generate a cancelable feature

which is discussed in the next subsection.

5.1.2 Multimodal Feature Fusion

The fusion process is very important in a multimodal biometric system for making a
decision. Here, we have proposed a feature level fusion method with template protection.
The proposed method generates a cancelable template which is revocable, non-invertible
and robust to various types of attacks such that true biometric feature will not be revealed
to the attacker. Every user is provided with a complex unique key (x*), where k € [1, N]

used to create random 3-D planes as shown in Eq. 5.5.

Ra1 Kpr Ry Rsp

k k k k
Koz Kpa Kyo  Kga
kY = (5.5)
k k k k
Kan ’%ﬁn ’%'yn Kén

Here k represents the k' user. The length of the key is equivalent to the length of feature
vectors and consists of n rows containing 4 co-efficient values namely %;, xf;, £%;, and
kk where i € [1,n] and having values randomly distributed in the range [-1000, 1000].
The user key is used to generate a random plane defined using Eq. 5.6 for each feature

point as shown above in Fig. 5.1
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Koi® + Ky + KyiZ = Ko (5.6)

where ¢ € [1,n]. The random planes generated using user-specific keys are used in combin-
ing multiple features using the proposed approach. In this, feature vectors obtained during
the feature extraction process are fused together by means of the proposed projection-
based approach. Each feature point of the iris feature vector is considered as abscissa and
each feature point of the fingerprint feature vector is considered as ordinate in a cartesian
coordinate system. In case of different feature size, padding can be used so that every
feature vector contain an equal number of feature points. Moreover, the abscissa and
ordinates at the corresponding positions are combined to describe a point(Q) (x, ) such

that any user can be defined as in Eq. 5.7.

v (Xl,wl) (X2,¢2) (X3,¢3) - (men)

For simplicity, the above equation can also be represented as shown in Eq. 5.8

VSO @ Qs .. Qu (5.8)

Also, as discussed above, each user is provided with a unique user-specific key (x*) of
dimension n x 4. The key is used to create a different random plane corresponding to each
point Q. Further, an orthogonal projection is performed from each of these points(Q) on

the corresponding plane and point of projection(P) is obtained as shown in Figure 5.2
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Fig. 5.2 Projection of feature points on random planes

For kPth user, each orthogonal projection from point Q¥(y,%) on the random planes

obtained using key £ generates a point P(¢., ¢,, ®.) as in Eq. 5.9.

ko ko k k
Kar  Kg1 Ky Ksr

ko k kook
Kaz  Kpa Fyp Kg

(5.9)

PP Ln ‘{(QT Q. Qﬁ}

In the next step, each point of projection (PF) is transformed into cylindrical co-ordinates

using a function f defined as in Eq. 5.10

Pf(0,p,2) = [(Pf (¢r, by, ¢-)) (5.10)
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where,p and 0 are determined using Eq. 5.11 and Eq. 5.12 respectively.

p= \/ ¢az2 + ¢y2 (5'11)

0 — tan—t 2 (5.12)

In the cylindrical coordinate system, point P is represented as 6, p, z. In the last step,
the azimuth(f) values corresponding to each point of projection(PF) for k' user, are
concatenated together to generate a fused vector (¥ that is cancelable and non-invertible

in nature as shown in Eq. 5.13.

" = (61,05,05,...0,) (5.13)

The purpose of conversion to a 3D cylindrical coordinate system is to provide a higher
dropout ratio as compared to the 2D coordinate system. Since only azimuth values are
used to generate the cancelable template, a dropout ratio of 66.6% is achieved. On the
other hand, a 2D point of projection would have led to a dropout ratio of 50% only.
Further, in case of template theft, if azimuth () values are compromised, it will lead to
ambiguous values of ¢, and ¢, as evident from the equation 5.12 and original feature
points will not be exposed. Thus, the generated template is highly non-invertible and
robust against theft. Also, the feature vectors from both Iris and Fingerprint modality
of dimension 1 x n are combined and converted into a single vector of dimension 1 x n.
The cancelable feature obtained is compared with the stored templates to generate a final

match score(S). The final decision is performed based on an optimal threshold value (1),
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if the match score(S) is greater than 7, then it is considered as Genuine else imposter.

The next section provides details of the experimental validation of the proposed method.

5.2 Experimental Validation

The experimental validation of the proposed multimodal biometric system is performed
over three multimodal chimeric databases. During privacy analysis, the proposed system
is analyzed for unlinkability, non-invertibility, and revocability. Also, the system is ana-
lyzed for various attacks like record multiplicity, substitution, and brute force attacks to
establish the robustness of the system. On the other hand, various performance metrics
like Equal Error Rate (EER), Decidability Index (DI), and Recognition Index (RI) are de-
termined to estimate the system’s performance. Also, the proposed system’s performance

is compared with other state-of-the-art methods.

5.2.1 Database & Experimental Design

The multimodal datasets are obtained using images from various benchmark datasets for
experimental validation. Here, the Chimeric datasets are created by uniquely combining
benchmark datasets namely MCYT Bimodal Database [66], IITD PolyU iris database [47],
Casia iris database (Casia-IrisV1, http://biometrics.idealtest. org/), FVC2006 DB1-A
fingerprint database [8], and MMU?2 iris database [2]. Sample images from the mentioned

benchmarked datasets are shown in Fig. 5.3.

The experimental validation is performed on three chimeric datasets namely D1, D2, and

D3. D1 contains fingerprint samples of N different subjects from the MCYT database


http://biometrics.idealtest. org/
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Chimeric Multimodal Database

FVC 2006
Database

MCYT Fingerprint

MCYT Fingerprint i
! database (sensor 2)

i database (Sensor 1) !

IITD PolyU Iris
database

o -

Casia InsV1 database MMUZ2 Ins Database

Fig. 5.3 Sample multimodal database images from the benchmark datasets

(sensor 1) and IITD iris PolyU database. Thus a virtual multimodal dataset is created
for N subjects by combining the above-mentioned datasets. Similarly, D2 is created by
combining N distinct subjects from the MCYT database (sensor 2) and the Casia Iris-V1
database. Also, the D3 dataset is obtained by combining N distinct subjects from the
MMU2 iris database and the FVC2006 DB1-A database. Further, all the subjects in
D1, D2, and D3 databases are completely different. In addition, five-fold cross-validation
is carried out to obtain balanced results. The proposed system is implemented over
a hardware configuration of the Intel i3 processor and 4GB RAM using the MATLAB
2018a platform. The performance analysis of the proposed system is discussed in the next

section.

5.2.2 Performance Analysis

The proposed system’s performance is quantitatively analyzed by means of various perfor-

mance metrics namely Decidability Index (DI), Equal Error Rate (EER), and Recognition
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Index(RI). Also, the results thus obtained are compared with other state-of-the-art tech-
niques. During this process, the same techniques for generic feature extraction and score

calculation are used for evaluating other methods.

5.2.2.1 Accuracy Analysis

The accuracy of the proposed system is analyzed and compared with state-of-the-art
techniques using performance metrics namely EER, DI, and RI. The performance metric
values for various methods viz. Random Distance Method (RDM) [41], Bloom Filters [25]
and Enhanced Partial Discrete Fourier Transform (EP-DFT) [126] are compared with the

proposed method in Table. 5.1

TABLE 5.1: Comparison of EER, DI, and RI values for D1, D2 and D3 databases

Method DB D1 Database D2 Database D3 Database

EER DI RI EER DI RI EER DI RI
RDM[41] 0.60+0.23 7.284+0.35 9740.25 0.40+0.19 7.68+0.37 984+0.75 0.71+0.21 7.114+0.19 9940.50
Bloom Filter[25] 0.974+0.20 5.77+0.42 96+0.50 1.14+0.24 4.98+0.28 97+0.45 0.92+0.17 5.334+0.31 98+0.58
EPDFT[126] 0.49+0.32 7.96+0.42 98+1.11 0.784+0.24 6.2140.46 9740.90 0.61+0.25 5.7940.18 97 +£0.80
Proposed Method 0.00540.004 22.14+0.34 | 99+0.94 0.003+0.005 18.45+0.43 | 99+0.95 0.004+0.10 | 9.71+£0.22 99+0.90

The EER value for the proposed score level fusion method is 0.005 for the D1 database,
0.003 for the D2 database and 0.004 for the D3 database which is lowest in comparison
with other state-of-the-art methods. The efficiency of the proposed system is also depicted
by a high decidability value of 22.14 for the D1 database, 18.45 for the D2 database and
9.71 for the D3 database and supported by ROC and CMC curves in Fig. 5.4 and
5.5 respectively. The ROC and CMC curves of various state-of-the-art techniques are
compared with the proposed system for three different databases. The proposed method
shows higher performance as compared to other techniques. The variation among EER

values is due to the use of different datasets and five-fold cross-validation.
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Fig. 5.4 Performance comparision of evaluated methods: ROC curves for D1, D2 and
D3 database (a) ROC curves for various cancelable biometric techniques over Database
D1 (b) ROC curves for various cancelable biometric techniques over Database D2 (c)
ROC curves for various cancelable biometric techniques over Database D3
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Accuracy analysis reveals that the limitations of individual classifiers were effectively

addressed by the proposed fusion method providing higher accuracy and more reliable

results. The proposed system also improves the privacy of every user making it robust

against various issues like template thefts and safeguarding the identity of every user

which is also discussed in the next subsection.

5.2.3 Privacy Analysis

The performance analysis confirms the high accuracy of the proposed system by means

of various performance metrics. The proposed biometric system also ensures user privacy

by exhibiting the properties like non-invertibility, revocability, and unlinkability.
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5.2.3.1 Non-Invertibility

In order to fulfill the criteria of non-invertibility, it must be infeasible to create the original
biometric traits even if the key and the transformed template both are compromised.
In a situation when both user-specific key and transformed templates are stolen, non-
invertibility in the proposed method is achieved by choosing only the azimuth(#) values
during the generation of cancelable templates. Since 67% of the information is discarded,
it is not possible to trace back to the original points of projection. Even if points of
projection are estimated, it is impossible to find the actual source of projection as there
can be infinite points over that line connecting the feature point, Q and projected point on

the plane, P. Thus the proposed method exhibits non-invertibility of biometric templates.

5.2.3.2 Revocability

For a cancelable biometric system, if the stored templates are stolen, then they are dis-
carded and new templates are generated using a new set of keys. Revocability states that
templates generated from the same features should not be correlated. The revocability
test is performed to measure the difference between the newly generated template and the
old template. In order to check the revocability of the proposed system, 100 different keys
were used to obtain 100 transformed templates. Every new user-specific key generates
a different random plane and hence different templates. The distribution of imposter vs
pseudo-imposter is shown in Fig.5.6 which shows that the pseudo-imposter distribution
is very similar to imposter distribution. It shows that there is no correlation between
the old and new transformed templates. This suggests that transformed templates are

treated as different individuals but they were created from the biometric features of the
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same subject. Thus, the revocability analysis shows that the stolen template can be easily

replaced by a new template by using a different set of keys in the proposed system.
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Fig. 5.6 Comparision of Genuine, Imposter and Pseudo-Imposter Distribution for a)
D1 Database and b) D2 Database

5.2.3.3 Unlinkability

Unlinkability states that multiple biometric templates of a single subject must be un-
linkable provided different keys are used. This secures the identity of the subject when
it is enrolled in multiple applications. In order to analyze unlinkability, the procedure
described in [36] is adopted. For this, pseudo-genuine scores are introduced which refers
to the match scores between the different templates of the same user by using different
user-specific keys. Also, the pseudo-imposter scores are also calculated between differ-
ent templates generated using a different user-specific key. In this scenario, if we plot
the pseudo-imposter and pseudo-genuine distribution, the overlapping nature of both the
distribution suggests that the templates generated from the same or different users are
indistinct in nature which is also evident from Fig. 5.7. On the other hand, if pseudo-

genuine and pseudo-imposter distributions are separated, it will be easier to identify the
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templates from the same user. The struggle in differentiating the templates leads to the

unlinkability of the system.
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Fig. 5.7 Comparision of Pseudo-Genuine and Pseudo-Imposter Distribution for a) D1
Database and b) D2 Database

Privacy analysis clearly indicates that the proposed system preserves the privacy of each
user by means of revocability, unlinkability, and non-invertibility. The complementary
traits are fused together generating a cancelable template making system highly secure

and robust against various attacks which are discussed in the next subsection.

5.2.4 Security Analysis

The security of the biometric system is of utmost priority. No adversary, in any case,
may be able to break through the system as it will arise many security problems. The

proposed biometric system is also analyzed against many such attacks.

5.2.4.1 Brute Force Attack

Brute Force attack assumes that the adversary possesses no previous knowledge about

the transformed or the original biometric feature. Each possible combination is used to
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generate and match the cancelable template. Even if the intruder knows the length of
the template, there will be a total of 22%*" possibilities for each element in the template
of the proposed technique. Thus,an exceptionally high brute force effort will be required

to generate a template,which makes it computationally infeasible.

5.2.4.2 Attacks via record multiplicity

During attacks via record multiplicity (ARM), the adversary possesses multiple trans-
formed templates of the same user and tries to establish a connection so as to develop an
image of the original biometric trait. For example, let’s take two transformed templates
T1 and T2 created using a different key for the same user. Also, during privacy analysis,
unlinkability between these templates was proven experimentally. Further, the i*" value
of T1 depends upon the point of projection P, and it cannot be connected to i" value of
T2 as it depends upon its points of projection P,.P; and P, will always be different as
different keys are chosen. Therefore, the attacker cannot mount ARM attack even after

having different copies of transformed templates from the same user.

5.2.4.3 Blended Substitution attacks

In the blended substitution, the attacker combines its data with user data in a single
template. The blended template allows both users and attackers to authenticate against
the same ID simultaneously. In the proposed approach, blended substitution is not feasi-
ble since, with only half of the user or attacker’s attribute, the matching score would be

rejected as an imposter for both user and attacker.
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5.3 Significant Findings

e First level security is deployed by using a user-specific key without which biometric
recognition cannot be performed. Thus the user in possession of the key will be

able to access the system.

e Second security level is deployed by converting original biometric feature into a Can-
celable biometric templates using a novel transformation approach. Thus protecting

the biometric data of all usersin case of a system breach.
e A clear decision boundary is revealed between genuine and imposter distribution.

e The cancelable templates generated are non-invertible, revocable and unlinkable.
Also, the cancelable templates are also robust against various security attacks like

brute force, attacks via record multiplicity and blended substitution attacks.

e Qualitative and quantitative analysis on 3 different multimodal datasets reveals

that the proposed method performs favorably against the state-of-the-art methods.

In addition, the experimental results along with significant findings of the proposed work

were published in [29].
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Conclusion and Future Directions

This chapter will summarize the major contributions and achievements that come out of
the present work. Despite the significant contributions, no research is said to be complete
unless it directs to a few topics for future research. Hence, the potential work that can
be explored further under present studies is briefly discussed as directions to future work

in the Section. 6.2

6.1 Summary of Major Contributions

The main motive behind this thesis work is to design and develop an adaptive, robust
and accurate multimodal biometric system. To address the research gaps identified during
literature review, several novel contributions proposed under present work are summarized

as follows.

e Latest trends in biometric recognition system exploiting information from comple-
mentary modalities are analyzed. Also, multimodal biometric systems for various

fusion schemes are investigated and briefly reviewed. Further, image samples from

86
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multiple modalities are captured and analyzed in a self generated dataset. Cap-
tured biometric samples incorporate various environmental challenges to determine

the real-time performance of various biometric systems.

e A novel adaptive score fusion technique for a multimodal biometric system using
three biometric traits viz. fingerprint, face, and iris is proposed. The proposed tech-
nique performed boosting and suppression of individual scores from each modality.
Reliability factor based on image quality is evaluated for each individual modality
to resolve the problem of dynamic environment. It provides unequal prior to each
classifier based on the quality of input images. The high value of the reliability fac-
tor improves the overall impact of the corresponding modality during score fusion.
This not only helps in dealing with various problems of the dynamic environment
but also very effective against spoofing attacks as well. Moreover, a multimodal
biometric system with iris and fingerprint modality is proposed. Here, individual
classifier scores are optimized using GOA. Later, the optimized scores are fused to-
gether using PCR-6 fusion rules. The Proposed method exhibits high performance
and reliability. Also, a multilevel multimodal biometric system ensuring not only
high performance but also robustness to security and privacy concerns is proposed.
The proposed system is robust against single point of security failure. The feature
size is reduced to half thereby requiring low computational and space complexity.
The security analysis of the proposed fusion mechanism shows that the approach
is able to defend various attacks, thereby, assuring user-privacy and data-security.
Moreover, the generated templates are highly revocable, thus can be regenerated
in case the data gets compromised. Hence, the proposed approach can be deployed

for biometric authentication in security-critical applications.
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e Exhaustive qualitative and quantitative analysis of the proposed biometric sys-
tems on benchmark datasets proved their robustness and efficiency against other
state-of-the-art systems during biometric recognition challenges. For Adaptive score
level fusion model, the proposed system is evaluated on three chimeric multimodal
databases generated from benchmark images of fingerprint, face and iris modality.
On average of the outcome, the proposed system achieved EER of 0.5, DI of 6.45
and RI of 98.5 against various state of the art methods. Further, the proposed
biometric system with grasshopper optimization achieved EER of 0.79 and DI of
5.24. Moreover, the biometric system proposed under multi-level multimodal sys-
tem exhibit very high performance with EER of 0.004, DI of 16.63 and RI of 99 on

image samples multiple benchmarked datasets

6.2 Directions of Future Works

In the present work, various multimodal biometric systems were investigated and explored
at length to provide novel contributions to the domain. Despite that, there are certain
research areas that emerge out of the present work which demand future investigation.

These areas are summarized as directions to future work and are detailed as follows.

e Adaptive score level fusion model can be extended to incorporate user specific traits
for estimating Reliability factor. This will result in an increase in the adaptive
nature of the system and a more wide variety of challenges may be addressed. The
proposed biometric system can also be customized to work at multiple security

levels as per requirements.
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e Multilevel multimodal biometric system may be investigated to incorporate image
quality as a reliability factor into the proposed system. It will help in enhancing
the adaptivity of the system so that it may address various other challenges like

poor quality input images, improper sensor interaction, etc.
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