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CHAPTER 1 

INTRODUCTION 

In the area of financial services biometric technology has been introduced, making life 

easy for consumers and enhancing their protection at the same time. Use of biometric 

in financial and banking services have shown to be much safer than conventional ways 

of authentication. Health is the biggest aspect of our everyday existence. Security has a 

crucial part to play. Whenever citizens cross airports, use payment cards, access 

machines or cross high security zones, they must check their identification. In some 

instances, a username and a password are required, but personal identification cards are 

used in some circumstances. However, you can forget about user names and passwords, 

and you can lose or stolen identification cards. This suggests that the methods of human 

identity must be strengthened and new techniques established, which are more accurate 

and specific than conventional ones [1]. Current scientific and technical advancements 

have allowed individuals to be recognized by their biometrics. Currently, biometric 

authentication is used in many applications. Next, entry to restricted areas should be 

regulated. Secondly, it may be used in airport passenger screening and in border 

inspection. Thirdly, links to records and financial resources was applied. Latest new 

biometric identification carts and passports focused on irises or facial recognition 

systems have been released by the UK and Australian border authorities. The 

combination of iris technologies speeds up the protection search at some airports [2]. 

Interclass Correlations, ICV, Noisy Data, Spoofing, Non-universality Problems involve 

issues surrounding biometric systems, such as unimodal systems that offer us a higher 

FCR and a FRR. It would send us a bad individual in the end. Quality of the method. 

Other constraints enforced by unimodal biometrics may be strengthened by including 

several sources of knowledge to define an individual [3]. Multimodal biometrics 

functions differently by integrating an authentication method or an authentication 

device, utilizing two or more biometric modes to shape one or both. The problem of 

non-universality is tackled using different characteristics, ensuring adequate population 

coverage [4]. 

The issue of spoofing faced by unimodal system is overcome by the multimodal 

biometric methods as multiple modality are combined together. An impostor will find 

it hard to connect many attributes to a real identity in tandem. The promise of 



2 

multimodal biometrics for a very large variety of applications is growing. Examples of 

bank security include ATM surveillance, cash transactions, card transactions, IT 

security programmes, computer login, etc. 

Every multimodal biometric device allows a binary choice, which leads to the “genuine 

individual” or “imposter “decision. In theory, different output metrics are used to assess 

multimodal system accuracy such as “Genuine Acceptance [GAR], Positive Predictive 

Value [PPV], False Rejection Rate [FRR], False Discovery Rate [FDR], Falsified 

Acceptance Rate [FAR] etc.” 

Multimodal biometric systems operate in two phases which are described as follows: 

Enrolment phase: - During this phase, user's biometrics are collected and then saved 

in the database of the device. These are used for authentication process as enrolled use.  

Authentication phase: - In this phase, user parameters are captured once again and 

used by the system to identify a person. Identification involves comparing the user data 

to that of the captured data with user references of all users in the database. Whereas 

verification is the process of only one-one matching of user data with user reference in 

the system [3] references. 

The earliest biometric cataloguing was started in 1891 by Juan Vucetich from 

Argentina, who collected fingerprints for identification of criminals. An example of 

automatic biometric system presented in literature is e given below in Figure 1.1. 

 

Figure 1.1:  Example of classic biometric system [3] 



3 

The standard biometric system comprises of following different modules: 

•Sensor module: -This module captures the biometric modalities and then the same are 

given as inputs to extract features from the next module. 

•Feature extraction module: -This module extracts features from different modalities 

after completion of the pre-processing stage. This offers a compact representation of 

the extracted features or extracted modalities, which are supported for matching or 

comparing in addition to the next module. 

•Matching module: - The extracted features are correlated with reference data or 

template(s) previously contained in the database in this module. 

•Decision making module: - The consumer choice is either approved or refused in the 

Decision-Module. The product of the previously working agreements is used. 

Either serial or parallel modes can be used to operate the multimodal bio-metric 

systems. When running in serial mode, a single module output is used before the next 

module joins the picture [5] to filter potential identities. The average machine detection 

period is shortened by this. The data of various modules is used simultaneously in 

parallel mode. The decision to approve or refuse could be taken at any degree of fusion 

in the case of any multimodal biometric device. Fusion can be performed at different 

level such as feature level, matching level or at a decision level. 

1.1 OVERVIEW 

Eye-based biometric systems are one of the most common and trusted biometric 

systems [6]. The remote detection of an individual using iris scans has very broad and 

diverse civil applications as well as surveillance applications. Good segmentation 

algorithms to exclude iris from region of the human eye will rely on the production of 

success. The texture of the area of human irises remains the same and persistent during 

human life span. Iris pattern and shape are not readily influenced and affected by 

external environmental conditions [7]. Iris recognition method is the most accurate, 

precise and reliable method mentioned in literature. The reliability and accuracy of the 

iris detection and recognition mechanism is  result of extremely rich texture available 

in iris modal where shape and pattern is remain stable  over person's lifespan. 

The human iris can have different coloured layers in the eye (black, brown, blue, green, 

grey, hazel). The pupil diameter or scale is often regulated with two muscles known as 
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sphincter and dilator. This monitors the light hitting the eye's retina (Figure 1.2). The 

smaller the pupil, the stronger the illumination in the eye. 

 

Figure 1.2: Anatomy of the human eye [8] 

The human iris is made up of different colour pigments, colour passages and color 

furrows. We can randomly determine the details of iris texture of any human eye at the 

time of fetal development, and they always differ from person to person. For each 

individual they are also different for right and left eye also. More importantly the effect 

of environment cannot alter the characteristics of an iris of human eye [9]. 

Alphonse Bertillon initiated the iris-identification tradition in the middle of the 19th 

century, utilizing the symbolic eye colour [10]. There are 4 steps of the normal protocol 

for the detection of an iris. The first stage is the capturing of the image explaining the 

unit that takes the frame, the distance to be taken from the light source. The second 

stage is the recovery of the captured image. This stage can be separated into two more 

stages, the segmentation of the picture and image normalization. In the segmented 

picture the field of concern (in this instance, iris) from the whole picture is filtered and 

the filtered iris picture (shaped like a doughnut) is then converted into a rectangular 

picture coordinate from a cartesian coordinate in the image normalization process. The 

third stage is the extraction of the function, in which the individuality of the Iris is 

stripped and put in a vector attribute from the normalized image. It is then included in 

the fourth stage of corresponding models for experiments [11]. 

In this study, the first module implements a capable segment of irises, sclerosis and 

pupils from visual images with a clustering dependent on CNN entropy. The quality of 

iris, sclera and segmentation relies strongly on the segmentation. On the basis of 

entropy measurements CNN divides the iris, sclera regions here effectively. Further 

improve its performance second module uses an effective multimodal biometric system 
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using support value based matching process. At first the iris, sclera regions are 

adequately segmented utilizing entropy-based CNN clustering. After that, the effective 

features are extricated for all the iris, sclera, pupil segments and dependent on the 

extracted features support value is estimated. Matching score at last determined to 

decide the user is recognized or Non-recognized. 

1.2 MOTIVATION 

Digital revolution in 21st century indicates us that existence of small electronic gadgets, 

such as smartphone, digital watches, cameras can be used for biometric person 

identification in present era. As these electronic devices are portable and having low 

cost they can be used as biometric sensors for authentication. Commercial products 

used in biometric research have received huge attention due to the technological 

advances and revolution in digital sensors to secure the world. This promised to gain 

high security and trust in biometric universally. The biometric research conducted now 

a day identifies that the unimodal biometric systems cannot be Universal framework 

owing to problems of real-time systems intra-class disparities, disparities, universality, 

noisy results, spoof assaults, etc. To address these issues, we proposed multimodal 

biometric system by combining the information from multiple traits like iris, sclera, and 

pupil.  

In comparison with all available human traits for biometric identification, iris 

recognition provides better results. Eye is intensely protected and stable from changes 

in environmental conditions and exterior activities [6]. Unique biometric features for 

left and right eye for an individual as well as for identical twins also differ in their 

features. In literature, we can find multiple biometric modalities like retina, iris, sclera, 

cornea, etc. Ocular and peri-ocular are two more emerging biometric systems 

established now a days [12]. A texture generated due to vein patterns available in iris 

(as labeled in Figure 1.2) is unique and stable which is used for each individual in 

biometric identification. Blood vessels of retina makes specific patters which help to 

identify user in biometric authentication. White part of eye known as sclera has red 

blood vessels forming complex mesh like structure which is utilized for biometric 

identification. Lately peri-ocular region surrounding the eye like skin color can also be 

used as biometric modality. 
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Eye traits provide discriminative features and detailed personal information 

distinguishing characteristics with higher stability of each user. Nevertheless, as every 

coin has two sides there are few disadvantages of existing biometric system as well 

such as user comfort and acceptances, participation level, robustness to change in 

various surrounding conditions. The procurement of eye traits is not a problem but vein 

pattern in sclera including the shape of cornea, retina, eyelid, eyelashes, and periocular 

region causes difficulties in attaining precise shape and patterns. Iris is most trustworthy 

trait in biometric measures [6]. Because of these few drawbacks more detailed 

persistent and prolonged research is requisite in this field.  

When the position of the eye varies, the difficulty is eccentric which is common in 

people suffering from cock eye or squint. Person Identification becomes more difficult 

in such non ideal situation where the need of user involvement is gradually increases in 

acquisition of biometric traits. Furthermore, research in iris recognition is also vital in 

mobile environment. The key is to capture iris in visible spectrum in uncontrolled 

environment at different conditions. However, the iris recognition performance for dark 

irises in visible spectrum reduces drastically. To overcome this challenge, iris can be 

combined with another eye biometric modality. Therefore, multimodal eye biometric 

systems came into existence [6]. 

To use this concept however we have to first assess the given information of a sclera 

and iris of the human eye and determine if the combined information can be used for 

identification. It is also important to investigate this given information with regards to 

various parameters like population coverage, change in environmental conditions, time 

span and data mining techniques. To date, this biometrics method is not as vastly 

studied and casts a doubt regarding its usefulness. 

In order that we can test our future multimodal biometrical system output through the 

combination of iris, pupil and sclera to enhance precision and adaptability, we are 

initiating research and development of an imaging processor and pattern recognition 

module. This will also lead to a deeper interest of discovering more in sclera biometrics. 

It is also essential to take in to accounts various feature extraction, classification and 

matching techniques which will help us to determine constructive methods to portray 

effective multimodal biometric system. But it tends to become more fascinating to 

understand the paradigm of multimodal biometric system using ocular biometry, sclera 

and iris due to properties mentioned above. 
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1.3 PROBLEM DESCRIPTION AND SCOPE OF RESEARCH 

There are several issues that will be considered in this thesis for providing security and 

identification using a multimodal eye recognition system. Though several other works 

have focused on some of these issues, they have failed to consider parameters with 

images such as 

• Unconstrained noisy environment 

• Eye gaze and posture direction 

• Capturing on-the-move and Blur image 

• Wavelength of visible images 

• Illumination, reflection, at-a-distance, etc. 

• Reliability of distance iris images 

• Efficient localization 

• Accuracy of eyelash, eyelid’s location estimation etc. 

The issues which are not addressed in the existing research works contribute to main 

points of our research. 

• Noise factors occurring in the image. 

• Evaluation of various image qualities in terms of recognition rates. 

• The quality measures of extracted image features. 

• Image noise that affects the image pixel threshold. 

• Boundary effects on the image shape. 

Problem Statement 

Design and develop efficient multimodal eye biometric system based on iris, sclera and 

pupil features for unconstrained eye images in visible wavelength to improve the 

accuracy of biometric recognition. 

Objectives 

The aim of the proposed research work is to design and develop an adaptive and 

effective multimodal biometric system culminating in the automated, secure and 

accurate biometric eye system for uncooperative users. We also identified some 

drawbacks from traditionally suggested methods and have taken them into account by 

integrating CBIR features for iris, pupil and sclera, we have tackled the multimodal eye 

biometry scheme. Finally, more study difficulties are listed below. 
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i. To develop an efficient multimodal biometric system, which uses the 

pupil, sclera and iris properties to enhance eye biometric performance in 

unconstrained environments.  

ii. To design and develop fast and efficient segmentation algorithm to 

separate iris, sclera and pupil region for unconstrained colored eye 

images by reducing time required for segmentation. 

iii. To design and develop an efficient quality feature selection and 

extraction method to improve accuracy of multimodal biometric system 

for relaxed viable wavelength eye images. 

iv. To develop a better method for fusion of pupil, sclera and iris template 

to improve biometric system recognition performance. 

1.4 CONTRIBUTIONS 

Study of some recent development in biometric system for person authentication is 

carried out and based on literature following methodologies are proposed and presented 

in this thesis. To meet the objectives following contributions are made. 

• A noisy eye image is segmented into iris, pupil and sclera regions to introduce 

a fully automated segmentation algorithm, by using active contour method with 

entropy based CNN (Convolutional Neural Network) where only quality 

features are considered to improve result of segmentation by time-consuming 

elimination. 

• To reduce the number of features by preserving important information in image 

during feature extraction process of multimodal eye biometric system, we 

proposed multi algorithmic texture, color and Y-shaped feature extraction from 

segmented iris, pupil and sclera region. 

• To perform the fusion for optimal number of features extracted from iris, pupil 

and sclera, we calculate quality score support value that are utilized in fusion 

process. Thus, the authenticated person is recognized by comparing support 

value with the biometric database. 

• To analyses performance of proposed system, we evaluate performance of our     

methods on publicly available eye image research dataset MMU, UBIRIS.v2 

and MICHE. 
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1.5 ORGANIZATION OF THE THESIS 

This thesis structure is defined as below, 

� Chapter 2 includes the analysis and identification for unconstrained visual 

representations of different methodologies and latest advances in the fields of 

iris, sclera and pupil segmentation. The survey of the multimodal eye biometric 

system is also carried out. 

� Chapter 3 suggested proposed research methodology and progress on pupil, iris 

and sclera segmentation on the color eye images. 

� Chapter 4 involves proposed methodology for the effective, entropy-based CNN 

clustering and support value-based fusion matching multimodal biometric 

framework. 

� Chapter 5 incorporates the findings and discussions of successful segmentation 

of eye and multimodal biometric structures of the pupil, iris and sclera areas 

focused on entropy-based CNN clusters and support value-based fusion-

associated study methodologies. 

� Chapter 6 outlines the conclusion and suggests future scope for this research 

work. 
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CHAPTER 2 

REVIEW OF THE LITERATURE 

In order to facilitate protection in numerous applications, including regular machine 

access, health, information systems, E-commerce and border control, biometric systems 

have become increasingly important. Multimodal approach-based biometric systems 

rely on characteristics such as iris, ears, fingerprints, expression, hand geometry etc. 

Potential of using the biometric techniques for security purpose is high. It also needs to 

take into account the various hacking challenges due to improvement in high tech 

mechanisms. We achieve a higher accuracy with biometric systems using multimodal 

technique, which can also help us reduce the hacking and spoofing dangers. There are 

some pros and cons with this system. They use may sensors, have higher cost and their 

shelf life could be on the lower side, while also needing more complex steps for 

acquiring input image data. 

2.1 CHARACTERISTICS OF BIOMETRICS 

Characteristics of a biometrics systems are mentioned as follow [14]. 

• Universality: Each individual must have their own biometric multiplier. 

• Uniqueness: Two or more individuals should not have identical or very similar 

biometric traits and features. 

• Permanence: We should continue to use the recognition system for a longer 

period of time. 

• Collectability: System should be able to collect large quantities of input 

images. 

• Accuracy: The system should be accurate in terms of ERR (Equal Error Rate), 

with a lower ERR rate being also suitable. 

• Performance: Performance should involve a quick analysis of the input data. 

2.2 MODULES OF TYPICAL BIOMETRICS SYSTEMS 

Usually, the biometric method has four stages. Sensor or procurement process First 

phase, second feature extraction phase, third matching phase and fourth is decision 

making phase. 
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•Sensor Phase: - In this phase the input biometric data is captured, and it is further 

processed for feature extraction. 

•Feature extraction Phase: - Input data is pre-processed in this step and various 

functions are extracted. They give us compact information of the various traits of input 

data and later processed by the matching phase. 

•Matching Phase: - In this phase, features which are extracted are compared using a 

pre-existing template in the database. 

•Decision making Phase: - In this phase the current user which is represented by the 

latest input data is either accepted or rejected as a genuine user. 

2.3 MULTIMODAL BIOMETRICS 

Many experiments have been performed using fingerprint, face, iris, vein, hand palm 

etc. for different biometrical systems. But we have not come across research on a system 

which uses multiple biometrics in combination, like system using iris-based 

recognition. Some of the difficulties in such systems involve trait choices, techniques 

for feature extraction, algorithms to match etc. [13, 14]. 

Any biometric system using multimodal technique can be executed either in serial or 

parallel fashion. In serial systems, one feature is used to filter the possible matches then 

followed by some other feature [15]. This results in a lower recognition timeframe. In 

parallel systems, many features are used simultaneously. 

Decisions could be done at any level of fusion, like feature or matching score or 

decision level.  Device block charts as seen in Figure 2.1 below. 

 

Figure 2.1: Multimodal biometric block diagram 

 
 

 

Iris, 

  
 

 

Input 

Modalities Yes/No 



12 

2.4 MAIN STAGES OF MULTIMODAL BIOMETRICS IRIS BASED 

RECOGNITION 

2.4.1 Pre-Processing 

Pre-processing of an image is an essential step for filtering the image noise and 

preparing it for extraction of characteristics. The input image contains the main part 

which is the iris, and it has to be identified and localized. Camera and eye distance may 

vary as well. Brightness may vary based on the light position, affecting the analysis of 

the texture. 

2.4.2 Filtering 

Image is filtered to help remove the noise from it. The function used is ‘filter2‘which 

will implement a 2D FIR filter. In Figure 2.2, (a) is shown as acquired input image and 

(b) is filtered image.  More specifics are seen in Figure 2.3. 

Figure 2.2 (a) shows original image which is retrieved from the MMU 2005 database. 

This MMU database has 46 folders, having 2 subfolders for right and left eye [16]. 

Subfolder has five samples of input data (eyes) of 320 x 240 pixels size. Image is stored 

in BMP format. Figure 2.2 (b) represent the filtered image where various texture shown. 

Figure 2.2(c) shows an image after light removal adjustment. 

Figure 2.3 shows an image having light refraction on the pupil. Figure 2.3 (a) shows an 

image of pupil before pre-processing. Figure 2.3 (b) shows a filtered image and Figure 

2.3 (c) shows an image after light adjustment. 

 

   

a) Original image  b) Image filtering c) After illumination removing 

Figure 2.2: Image from database MMU 
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a) Original image      b) Image filtering c) After illumination removing 

Figure 2.3: Image zooming from figure 2.2 

2.4.3 Illumination Removal 

If light or illumination is not extracted earlier, the result of segmentation can be 

impaired. Thus, through the usage of a MATLAB-based functionality named “in 

complement”, the light impact is suppressed. In a picture, the 1s and 0s are inversed. 

2.4.4 Brightness Removal 

Contrast of the bright regions can be reduced using the Logarithmic transformation 

(LT) technique. Eyelid texture, Eyebrow and sclera are removed. Eyelash continues to 

exist. The LT equation is as given below: 

K is the equation logarithm, n is the image input, S is the result and c measures constant. 

                     (2.1) 

2.4.5 Power Law Transformation 

Power-law transformations (PLT) is given by equation (2.2), which is mathematically 

represented as follows. 

                                                   (2.2) 

Z is the result representation of n and μ where all are positive numbers. PLT technique 

help enhance the contrast of bright region within the image. Increasing gamma value 

darken the image, which reducing the gamma value brightens the image, as shown in 

Figure 2.4. 

2.4.6 Morphology to Remove Effect of Dilation and Erosion 

Binary photos were crafted and applied to grayscale images later. Examples of 

morphology used in this study are dilation and erosion. Dilation contributes pixels to 

the picture border and corrosion does the same. Erosion is used to erase the black-white 

pictures of the eyebrow area. 
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a) b) 

  

c) d) 

Figure 2.4: Image of pupil using PLT enhancement 

                           “Clock-wise (a) γ=2, (b) γ=3, (c) γ=4 and (d) γ=5” 

2.4.7 Removal Objects 

Binary image is a black and white image, with each pixel represented by 1s and 0s. 0 

will give us the black pixel and 1 will give us the white pixel. Unwanted pixels are 

removed by using the bwareaopen() function in MATLAB, which removes the pixels 

lower than the threshold value. 

2.5 IRIS LITERATURE 

Biometric research based on Iris is very exciting and evolving fast. While many current 

applications use iris for biometric recognition, there is still a lot of research that needs 

to be carried out for complex applications. 

Iris-based identification implies the identification of the person by observing some 

random portion of the iris. The reported and automatic methods used to detect iris are 

very recent. The amount of light in the eye is regulated by iris [21]. The mechanism of 

iris identification can be split into five sub-phases. The following measures include the 

acquisition of images, segmentation, standardization, identification of characteristics 

and eventually matching and identification processes. 

First stage is to captures the human eye view known as acquiring input image. The 

second stage of segmentation tries to find a unique pattern in an iris. The stage of 

Normalization ensures a proper size of the iris and removes any unwanted region. This 
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is further stored in a template. This is finally compared and matched with existing iris 

images in the database. 

As seen in Figure 2.5, an iris recognition category into basic steps “Enrollment” and 

“Authentication”. 

 

Figure 2.5: An iris based recognition system 

2.5.1 Main Stages of Iris Based Recognition 

The subparagraphs identify several common approaches to each of the following levels. 

2.5.1.1 Iris Image Acquisition  

The stage for the Picture Acquisition involves the numerous Hamouchene et al. systems 

of [22]. Lighting method for having a transparent and illuminated image, positioning 

system (for each version, to get the same Iris image) and Camera in particular (to obtain 

good-quality image). In this step, the device recognition rate is directly influenced by 

various elements. Next, the camera or sensor consistency impacts the iris picture 

significantly. Secondly, the iris picture should be sharp and transparent throughout the 

series acquisition of iris photographs. The full visibility between both the pupil and the 

iris is necessary for recognition. The distance, angle of acquisition and brightness are 

the three components often influence the detection of the iris. 
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2.5.2 Iris Segmentation 

Segmenting iris is an essential factor in the identification method dependent on iris. It 

is responsible to maintain the accuracy of the system [17]. 

  

       (a) Original image        (b) Ground truth 

  

      (c ) segmented image          (d) Grey image 

 

Figure 2.6: Iris segmentation [18] 

It is the optimal segmentation of iris, as seen in Figure 2.6. From the figure, it can be 

shown that the segmentation in these experiments is almost similar to the reality about 

the ground and that the iris is totally isolated. From the grey segmentation scale it cannot 

be shown that the segmentation of iris is not over-segmented or under-segmented [19] 

[20]. 

2.5.3 Iris Normalization 

Iris normalization is implemented after detecting the iris boundaries by transforming 

polar coordinates into Cartesian coordinates for selected iris area to calculate the fixed 

feature vector [27]. This feature vectors are used for comparison between various iris 

images. Stretching of iris region occurs due to effect of dilation and contraction in pupil 
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by variation in level of illumination during acquisition process. This change in iris size 

results in dimensional inconsistency. In addition to this position and distance of camera, 

iris texture elastic distortion and off angle iris images also causes dimensional 

inconsistency which affects the result of matching To resolve both of these difficulties, 

For the normalization of iris in rectangular field in given sizes, the Daugman rubber 

sheet approach is used. In this method Cartesian coordinates (x,y) for each point in 

input image is transformed which into polar coordinate is dimensionless. 

Mathematically Daugman‘s cartesian to polar coordinate mapping is represent using 

equation 2.3. 

Iris normalization produces a feature vector of fixed dimensions, to allow comparison 

of 2 iris images [27]. This process ensures that inconsistency in image dimension do 

not exist. Other reasons that may cause inconsistency in the image dimensions are 

imaging distance, distortion in texture of iris, camera rotation etc. 

To ensure that this issue does not cause any problem, Daugman's algorithm for rubber 

sheet mapping transforms the input picture from cartesian to polar co-ordinate. 

Every point   from iris region is represented in Daugman mapping to few polar co-

ordinates in the iris field    which are normalized and non-concentric. 

r is on the interval .     

Ɵ is the interval angle   . 

Mathematically, Iris Mapping can be classified as follows (2.3): 

•                                                                         (2.3) 

•  =                                      (2.4) 

•  =                                      (2.5) 

I(x, y) define intensity value in iris image of point (x,y). (Xp( ),Yp( )) represents 

coordinates of pupil boundary and (Xl( ),Yl( )) represents limbic boundary points in 

direction . 

Iris normalization process is advantageous because coordinates mapping is invariant 

with change in shape, size of iris as well as dilation and contraction effects. 
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Here is the intensity value at   in the iris region image. The parameters 

and  are the coordinates of the pupil and iris boundaries along the  

directions. 

 

Figure 2.7: Iris normalization 

2.5.4 Feature Extraction 

 The Convolutional Neural Network (CNN) uses feature extraction techniques by using 

multiple filters, which later extract features from the input data. Himanshu Rai et al [28] 

proposed an HAAR wavelet decomposition method. A normalized 64 x 512 picture is 

added to the HAAR Wavelet, at three levels consecutively extracting the features. The 

wavelet transform divides the image in regions LL, HL, LH, and HH. LL region (low 

frequency) consists the maximum energy. The newly formed LL region is processed so 

that the wavelet transform can be again applied to it. The HAAR wavelet transform is 

repeated to reduce image size. 

B. Raja et al [29] have used a feature extraction using deep sparse filtering. This system 

captures the iris image in different radii and pupil values. They have proposed a novel 

segmentation scheme which adapts itself to iris images from the smartphone. With 

OSIRIS v4.1 standard photo, the proposed technique increases the segmentation 

precision to 85%. 

Jing Huang et al [30] propose an iris-based recognition system based on Gaussian 

Markov random field (GMRF) extraction. Rotation variation of an iris-based 

particularly interesting is very necessary. We can achieve approximate invariance of 

rotation in conventional methods of iris-based recognition. As complexity increases for 

these methods, so does the error rate. A novel rotation invariant approach which is used 

for extraction of iris feature is proposed to solve this problem. 
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Fisher Kernel Classificatory orthogonal wavelet filters grab iris features, Markov 

random fields capture rotation, and finally classification. 

2.6 REVIEW OF IRIS BASED RECOGNITION FOR UNCONSTRAINED 

ENVIRONMENT 

Biometric systems based on iris-based recognition techniques are becoming very 

popular, which uses a pattern recognition scheme. 

Shaaban A. Sahmoud and Ibrahim S. Abuhaiba [36] showed us a new and rapid 

algorithm, which aids the capture in uncontrolled conditions of non-ideal pictures. 

Orthodox techniques for segmentation of iris yield good outcomes when photographs 

are captured in optimal environments but are not exact in conditions not so ideal. This 

article reveals a modern algorithm to iris segment pictures that are recorded in 

unregulated surroundings. This article provides a lower percentage of error for the 

algorithm suggested. The algorithm suggested uses K-means. The iris radius and middle 

are then determined by Circular Hough Transform (CHT). The upper eyes are first 

identified, and the non-iris regions eventually eliminated. The findings indicate greater 

time and precision for segmentation. 

Paper by Prashant Kapoor and Paresh Rawat [37] Using a Hough transformation to 

define the iris border. This paper shows many methods of biometric recognition and 

later conclude that iris-based recognition is the best. This paper research different 

concepts of biometric quality. Several factors causing image degradation are discussed. 

Evaluation schemes show quality metrics. 

Paper by Plaka, Rahul, and Gautum Kaushal [38] proposes an Iris-based recognition 

device neural network solution. Iris identification system is one of the most accurate 

biometric methods. 

Chun-Wei Tan and Ajay Kumar has The promising iris encoding strategies and 

matching strategies have been explored in less restricted conditions for iris pictures 

taken from both NIR and visible imaging at a distance [39].The segmented image 

quality differs depending on the image quality received. If the picture captured is taken 

from a long distance, a special strategy is required to process the image. These 

differences impact the encoding of iris characteristics and influence the device 

precision. In the paper they have proposed a Zernike phase encoding scheme to achieve 
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less variations and more accuracy. The iris features are formed using regions which 

partially overlap to counter the variations in the pixels. 

Paper by Tsai and Yao-Hong presents an unconstrained iris based recognition using a 

weighted approach [40]. Current commercial recognition systems assume support from 

the user or the subject for image acquisition. This may not be always possible. 

Researchers are working on techniques which would require lesser support from the 

user, without impacting device output. The proposed iris-based identification method 

is built in two keyways with broad differences in the climate. For overcoming highly 

unequal lighting situations, standardization of mathematical illumination on the eye 

area is initially used to improve the exactness of the iris. To define the iris picture input, 

the Adaboost algorithm is used. Secondly, according to the distance from the iris core, 

the weighted method is described by Gaussian functions. The texture is then categorized 

by weight using an LBP histogram. This allows the user-recognition device interface 

more versatile. 

A paper by Eduardo Garea Llano et al [41] shows usage of multiple sensors for iris 

based recognition. This increases the accuracy and makes the system more flexible in 

extreme environments. Iris biometric systems can operate with several iris-images 

collected by multiple sensors in an ordinary setting. Stable structures are nevertheless 

not readily accessible. The Video Frames and Photographs work parallel to these 

structures. They introduce a multi-sensor device integrating video and image-based iris 

detection in this article. The work demonstrates a fusion pyramid technique centered 

on laplacian adjusted in order to segment the picture. 

In the paper by [42], Nassima Kihal et al they propose a novel Biometric device focused 

on the iris and 3D form of the cornea. The combined traits gives us a better recognition 

system with better accuracy. The cornea shape is modelled using a Zernike polynomial 

expansion technique. Gabor filter and phase encoding is used to analyze the iris 

textures. Fusion of the scores from cornea and iris is carried out multiple rules like mix-

max etc. This method gives an extremely low error rate, closing onto zero %. 

A new and dynamic scheme based on face and iris fusion scores is considered [43] by 

Maryam Eskandari and Omid Sharifi. Several fusion methods are implemented to then 

compare results with this custom fusion method for recognition. This method has very 

fast execution time due to the dynamic featured and fusion scores employed. The 

development of CIoT and its implementations has been supported in the development 
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of the sensor and cloud technology. Researchers are yet to explore how the cloud based 

IOT system infrastructure could be used for biometric recognition based on iris images. 

Biometric systems are designed using and unimodal or multimodal approach. In the 

paper [44], a unimodal approach-based recognition system is developed using multiple 

biometric traits. A new segmentation algorithm is proposed to mask and localize the 

iris region. For the extraction of iris functions, new algorithms, delta-medium and multi 

type algorithms are created. Any multi-modal biometric device uses many biometric 

features in identification of an individual. 

In the study by [45], Basma Ammour et al A multimodal approach that uses biometric 

facial details and two iris, left and right, has been suggested. The subsequent fusion 

process to produce a satisfactory score is used. Extraction of features is key to every 

method of identification. In order to isolate the face and iris, 2D log Gabor filters are 

used, which are then used to distinguish them. The device offers a rather low 0.24% 

error rate and has been checked with several regular picture databases. It favours a study 

with other approaches. 

Anis Farihan Mat Raffei et al. In the research performed by [46] we have a pattern 

detector for the Iris caught and triggered by visible light from many different 

wavelengths. It is incredibly challenging to catch a picture in poor light with low 

contrast that impacts iris position and further detection. In certain conditions, 

histograms focused on iso-contrast supports. The representation of the iris is split 

between regions and local intensity histograms and pixel intensity transfer methods are 

used. It was tested using image data sets that were developed. The findings revealed 

better outcomes for the suggested approach relative to the current low luminous 

techniques. 

They suggest a core points-based extraction mechanism for differing picture conditions 

in the paper proposed by [47] Yuniol Alvarez-Betancourt and Miguel Garcia-Silvente. 

It utilizes three biometric characteristics with SIFT characteristics and corresponding 

values. Harris-Laplace are used, its origins are obtained and defined as SIFT features 

and as quick hessian key points. The method is tested using standard iris databases, 

using conditions of variable image quality. The results are very competitive, and they 

are better than the existing algorithms. This method also demonstrated the feasibility of 

the key points-based method for implementing practical applications. 
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Table 2.1: Description of iris-based recognition for unconstrained environment, 

relevant techniques, its advantages and limitations 

Author Techniques Advantages Limitations 

Shaaban A. 

Sahmoud et al 

[36] 

K-means the 

Circular Hough 

ransformation 

algorithm 

Enhances the precision 

and time of segmentation. 

Reduces also in the case 

of mistake Noise styles 

In period, CHT 

is rather costly 

Prashant 

Kapooret al [37] 

Iris Tissue encoding 

and Matching 

High precision low light 

strength adjustments in 

the fine accuracy of the 

outer border iris 

 High 

computational      

 cost 

Rahul Plaka 

et al [38] 

Hybrid Speeded Up 

Robust Features 

(SURF) 

Higher flexibility 

and robustness higher 

accuracy 

 Accuracy of the 

iris   based 

system is 

affected 

  

Chun-Wei Tan 

et al [39] 

Bit stabilization and 

localized ZMs 

phase-based 

encoding 

Less sensitive to noise 

more tolerant to 

feature distortion  

 Efforts to boost 

the precision of 

the  visible-light 

iris 

Tsai and 

Yao-Hong [40] 

Local binary 

pattern (LBP) 

and adaboost 

algorithm 

histogram 

Flexible interface with 

the  verification system 

 Problem of   

 computational 

cost 

Eduardo Garea 

Llano et al [41] 

Modified 

Laplacian 

Pyramid-based 

fusion 

Enhances the accuracy of 

acknowledgment for jobs 

in a non-cooperative 

setting 

Increased 

computational 

time 

Nassima Kihal et 

al [42] 

Gabor  filtering, 

phase encoding 

and Zernike 

polynomial 

expansion 

Increase the recognition 

accuracy 

Feature 

extraction stage 

is time- 

consuming 

Maryam 

Eskandari et al 

[43] 

Backtracking 

SearchAlgorithm 

(BSA) and Linear 

Discriminant 

Analysis (LDA) 

Non-uniform 

illumination 

distribution 

Feature 

extraction stage 

is time- 

consuming 

Ramadan Gad et 

al [44] 

Delta-Mean (DM) 

And Multi-

Algorithm Mean 

(MAM) 

99.4%+ Accuracy 

Reduced execution time 

Non-uniform 

illumination 

distribution 
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Basma Ammour 

et al [45] 

Spectral Regression 

Kernel Discriminant 

Analysis(SRKD A) 

Reduces the derived 

vector large 

dimensionality 

Iris based 

Recognition 

system accuracy 

is affected 

Anis Farihan 

Mat Raffei et al 

[46] 

“ISO-Contrast 

Limited Adaptive 

Histogram 

Equalization” (Iso- 

CLAHE) 

Different images with 

different intensities may 

be improved for 

consistent distribution of 

the uniform light 

distribution 

Pupil 

localization is 

not so accurate, 

in turn affecting 

the accuracy of 

iris 

segmentation 

  YuniolAlv 

arez-Betancourt 

et al [47] 

Robust key point 

extraction process 

and Invariant 

transformation 

method size 

function (SIFT) 

Method is more suited for 

real-time application of 

recognition. 

Feature 

extraction stage 

is time- 

consuming 

 

2.7 SCLERA LITERATURE 

One of the earlier researches done with sclera based biometrics using the sclera blood 

vessels, is documented by Derakhshani. This document combines all the sclera related 

work and divides them in four basic categories. 

• Recording of the image and enhancement of blood vessels 

• Segmentation 

• Extraction of features 

• Classification 

The methodologies mentioned above are described below. 

The steps involved for the standard sclera recognition are as shown in Figure 2.8. 

 

Figure 2.8: Block diagram of a sclera recognition system 
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2.7.1 Main Stages of Sclera Recognition 

A sclera biometric authentication comprises of different steps including image 

collection, segmentation, development, extraction, and classification. Each stage 

presents a different challenge for research. The research challenges are discussed as 

below. 

2.7.1.1 Segmentation 

The segmentation of every biometric device is a crucial phase. The aim is to separate 

the area of interest correctly. Precise segmentation is important to reduce the size of 

image and not to enable any other areas of the iris, such as eyelids and eyelids, to be 

included. 

The parameters affecting segmentation are: 

i. Gaussian smoothing function spread 

ii. Original setting feature gradient intensity regulation 

iii. Direct method or regulator 

iv. Weighted penalty coefficient 

v. Counter-length smoothing coefficient 

vi. Force of artificial balloon 

vii. Initialization period set 

viii. Maximum evolution iteration for degree 

2.7.1.2 Enhancement 

The segmented sclera region has a high reflection, resulting in the vascular patterns 

being blurry and with low contrast. To resolve the reflection effect, it is required to 

improve the vascular patterns. 

The following are the challenges for enhancement: 

• Image enhancement can be affected by shadows, varying light conditions and 

reflection (which were added during image acquisition). 

• A person having medical problems such as diabetes may have the loose 

capillaries in the sclera region which may decrease the strength of vessel 

patterning. 

• Age is a further aspect impacting enhancement of trends, i.e. the pattern of the 

vessel is less dominant in children. 

2.7.1.3 Feature Extraction 
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In the sclera recognition method, the extraction of features phase consists of a 

trustworthy mathematical model to identify persons. Difficulties which occurs during 

sclera feature extraction are 

• Vein pattern can be changed when conjunctiva moves after rubbing eye. 

• Also, broad gaze shifts can impact the function, as the vein pattern varies 

dramatically in the direction of the eyeball (e.g. “looking left versus right” so 

on). 

• The corneal vasculature becoming thicker at age becomes more noticeable and 

thus sufficient techniques are needed to assess and characterize this biometry to 

adapt the growth. In younger people blood vasculature is less visible. 

2.7.1.4 Classification 

The toughest problem is how the features collected will better be categorized. Besides 

the general difficulties of classification of images, some other issues are as follows: 

• Problems that make the classification task challenging include coping with 

regard to variable lighting conditions, medical issues, the ageing, and the 

eyeball or eye gaze angles changes. 

• Another obstacle that would be important to take care is to apply classification 

for larger populations and samples.  

2.7.2 Review of the Sclera Recognition for Unconstrained Environment 

This section combines all the sclera-based literature and divides them across four 

categories. 

• Recording of the image and enhancement of blood vessels 

• Segmentation 

• Extraction of features 

• Classification 

2.7.2.1 Sclera Segmentation 

Sinan Alkassar et al. has provided us with a new approach for calculating sclera 

consistency and segmentation utilizing relaxed imagery constraints [48]. A modern 

method focused on concentration assessment has been proposed. The sclera and 

adjacent skin are also a recent form of fusion for segmentation. Range and rotational 

synchronization are used to reduce the blurry picture error rates captured at different 

distances and in motion. EGBU is used in the study of device output for image 
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classification. The iris picture is taken using four separate cameras and these pictures 

are used to validate the device. The findings for comfortable imaging are very positive. 

Abhijit Das et al [58], present Sclera segmentation using method of Fuzzy C- means 

clustering. Vessels of sclera’s are not prominent, and they have to be enhanced. 

Researchers have used adaptive histogram equalization and Discrete. To boost these 

vessel habits, Meyer Wavelet. Dense local directional patterns were used to remove 

features (D-LDP). D-LDP patch descriptors construct a collection of features to build 

the training model accompanied by Space Pyramid Matching. Help for the 

classification of images was used for Vector Machines (SVMs). The system was 

validated using existing iris data sets such as the UBIRIS dataset version 1. The same 

error rate (ERR) of 3.95 percent is remarkable in this process. 

Daniel Riccio et al [59] proposed a segmentation method which is unsupervised, for 

colour images of the eye. This method works with the visible spectrum of the RGB and 

does not need any additional information for iris detection. The input colour image is 

converted to grayscale image and enhanced using adaptive histogram. Feature 

extraction step involves image binarization, which is based on clustering and adaptive 

threshold. Sclera identification is done using compute scores and data points between 

foreground components. The proposed method has been ranked second SSRBC 2017 

competition. 

In the paper [60] Pinheiro et. al. presents to us a new method to perform segmentation 

of sclera using facial images. This method is divided in 2 steps: 

(1) Location of the eye  

(2) Sclera segmentation 

Eye region is located using concepts of Colour Distance Map (CDM), Random Forest 

(RF) and Driven Gradient Descriptor Histogram (HOG). Sclera segmentation uses 

Picture Foresting Transform (IFT) to give us 95.95 percent precision. 

Table 2.2: Different segmentation technique used in literature 

Work Technique Database 

Abhijit Das et al [58] Fuzzy C-means clustering UBIRIS version 1 

Sinan Alkassar et al 

[48]  

Sclera Template Rotation 

Alignment and Distance Scaling 

(STRADS) 

UBIRIS.v2 and 

MICHE 
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Daniel Riccio et al 

[59] 

Grey Level Clustering In-house 

Pinheiroet al[60] Colour Distance Map (CDM), 

Random Forest (RF) and 

Histogram of Oriented Gradients 

(HOG) descriptor. 

UBIRIS.v2 

 

2.7.2.2 Vessels of Sclera Enhancement 

The essential detail from the human sclera has been shown by Eliza Gail Maxwell and 

Tripti C [60] in the layout of the blood vessel and cannot be collected intrusively by 

visible light. The special aspect of the sclera vessel patterns enables the biometric 

authentication method to be used. The key problems in the biometrical method are the 

segmentation of the sclera area and vessel patterns of sclera. The photos of sclera 

pattern vessels are not always centred, they are distorted, and the framework of the 

vessel has a multi-layered deformation that are not linear and dynamic. The study in 

this paper[61 ] contrasts two methods of improvement for sclera vessels. The first 

procedure uses adaptive histogram equalisation and the other uses Gabor directional 

filters. Faster and stronger performance for Gabor filter enhancement. 

In the paper [62], O. G.Hastak presents to us a Human Identification system which is 

Based on extraction of sclera Veins. Segmentation is done using fuzzy clustering means 

(FCM). Image of sclera veins is enhanced using fuzzy histograms. Feature extraction is 

done using Dense Local Binary Pattern (D- LBP) technique. This method was tested 

using UBIRIS.v1 database. 

Suba S and S Babu [63] proposes a technique using sclera vein, for biometric 

recognition. Sclera vein-based recognition method poses a challenge for image 

analysis, and a lot of research is carried out in this area over the last few years. They 

have a lot of practical applications. This paper contributes to the research mentioned 

above. They have introduced a new method for biometric recognition using sclera 

veins. Secondly, they propose a new segmentation technique which works with both 

the colour and grayscale images. A new Gabor filter was designed for image 

enhancement and to binaries vessel patterns. Feature extraction is done using 

histogram-based techniques. 
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Table 2.3: Different sclera vein enhancement technique used in literature 

Work Technique Database 

Eliza Gail 

Maxwell and 

Tripti C [61] 

The CLAHE (The Contrast Limited 

Adaptive Histogram Equalization) approach 

uses a method of area development. This 

detects the blood vessels and the Gabor filter 

directional bank is used to obtain enhanced 

vessel patterns of sclera from multiple layers. 

In-house 

O.G.Hastak 

[62] 

Fuzzy logic based BPDHE is used to 

enhance patterns of the vessels of sclera. For 

extraction of functionality D-LBP is used 

 

UBIRIS.v1 

Suba S and S. 

Babu [63] 

Gabor filters are being used to improve the 

venous structure of sclera 

In-house 

 

2.7.2.3 Feature Extraction 

In this paper [63], Tayade et al present to us a compact method for tasks of sclera 

segmentation and vessel enhancement. The algorithm presented uses a 2D DWT 

transform and co-efficient are used for image representation. Feature extraction of the 

sclera veins is done using standard deviation and mean average formulas. This device 

would be checked in-house. The findings indicate a high-precision device with low 

error rates. 

Prasath, N and M. Sivakumar [64] present an extraction algorithm using Y shape 

feature. They merge the biometric features of the sclera vein with the finger vena. 

Established Sclera vein and improved picture. Y shaped pattern is extracted from the 

image and fusion is carried out with the pattern of the finger vein.  Later finger vein 

image is captured using CCD camera and infrared light. This image is enhanced. A 

feature extraction algorithm using line shape is utilized to extract line patterns from this 

image. Both image patterns are combined to form a fusion image. This helps in 

accurately identifying an individual. The system results show a very high accuracy. 

2.7.2.4 Classification 

In this paper [65], Kangrok Oh et al present a system for integrating biometric 

identification with sclera and periocular characteristics. This is more appropriate for 

facial recognition if the face has shown just the periodic area. 

Periodic feature extraction is done through random projections to collect image 

information. The binary characteristics are related to the periodic characteristics and a 
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ranking is achieved. The method was checked with data sets UBIRIS. v1 for both 

session 1 and 2. The sclera and periocular features fuse an excellent 5 percent error rate 

efficiency. 

2.7.3 Review of the Sclera Based Recognition for Unconstrained Environment 

Sinan Alkassar et al. has provided us with a new approach for calculating sclera 

consistency and segmentation utilizing relaxed imagery constraints [48]. A modern 

method focused on concentration assessment has been proposed. The sclera and 

adjacent skin are also a recent form of fusion for segmentation. Range and rotational 

synchronization is used to reduce the blurry picture error rates captured at different 

distances and in motion. EGBU is used in the study of device output for image 

classification. The iris picture is taken using four separate cameras and these pictures 

are used to validate the device. For comfortable imaging settings, the findings are quite 

positive. 

Zhou et al. are proposing a modern biometric identification approach in this article [49]. 

Sclera pictures of ship patterns are not necessarily concentrated, and the framework of 

the ship is multi-layered and has dynamic and nonlinear deformations. This poses 

special analysis problems. This essay refers to the aforementioned analysis. A modern 

biometric identification system for sclera veins has been introduced. Second, they 

deliver a modern technique of segmentation that works with colour and grey pictures. 

A new Gabor filter was developed to improve the picture and binarize the patterns of 

the vessel. Extraction of the function is achieved using histogram techniques. 

The Sclera-Net specially built for the segmentation of sclera and segmentation of other 

areas of the eye are introduced in this research [50]. In order to accurately segment the 

necessary sclera area, Sclera-Net uses high-frequency data from the previous encoder 

decoder network. 

A crucial part for recognition systems consistency and error reduction is the sclera 

segmentation stage. Precise segmentation by several sensors is difficult because of 

distorted pictures, dynamic, nonlinear deformations, and multi-layered regions. We 

may segment sclera using evolutionary neural networks with deep learning computer 

algorithms (CNNs). These approaches have achieved very promising outcomes for 

precision and implementation time up to now. 
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These approaches have achieved very promising outcomes for precision and 

implementation time up to now In the case of Rizwan Ali Naqvi and Woong-Kee Loh, 

the Sclera network uses high frequency knowledge from previous layers of its encoder 

network for the accurate segmentation of the appropriate sclera area, and other ocular 

regions [51]. This approach may be used to improve output with fine detail of the image, 

which has been lost by repeated sub-samples. Segmentation of sclera by an adaptive 

active outline without the system of edges was accomplished. A new approach for the 

isolation and mapping of blood vessels was also proposed based on IUWT. 

A special biometric function of the sclera blood vessels may be used in a biometric 

identification device. Sclera is an opaque, colorless area of the eye with visible and 

random blood vessels. A visible-wavelength camera can be used to image the sclera. 

Sclera implementations differ considerably. 

The paper [52] by Alkassaret al gives us a recognition system design which is robust 

and highly accurate. The system uses new methods for sclera segmentation and 

occluded eye detection. Also proposed are better techniques for extraction, 

enhancement, and binarizing. The method was tested rigorously using UBIRIS.v1 and 

UTIRIS datasets, giving higher segmentation accuracy. Though this method is more 

complex computationally. In this paper [52], Parabet al present a new method for 

biometric recognition. Since the sclera pattern is unique, in terms of fingerprint, face, 

speech and other biometric characteristics it may be used as biometric identification. 

Some adjustments are produced to transparent sclera images without disrupting vessel 

patterns with various sclera patterns. For both colour and grey pictures, the approach 

works in this paper [52]. 

In this paper [53], Yong Lin et al presents a new method for sclera vein recognition 

which is executed parallel. Sclera vein method though very accurate, is very slow in 

execution and can affect the usage in practical applications. This is improved by parallel 

approach of registration and matching. Feature extraction using Y shaped descriptors 

filter out the unlikely matches. This is followed by the weighted descriptor. This is 

followed by a matching process. The results show great improvements in the execution 

speed and still gives us high accuracy. 

In this paper [54] Males et al proposed a colour balance system focused on a scene-

based calculation of pixels in the sclera eye area of the facial images. A colour balance 

method. Colour balance includes image editing in order to change the photo colours. 
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For measuring chromaticity, these approaches use facial characteristics and skin colour. 

This approach examines how colour balance will automatically be achieved using the 

sclera of the face picture. The major steps involved in this method include detection of 

the eye region, sclera segmentation, illumination estimate and chromatic adaptation. 

The method is tested and results show high accuracy and better performance w.r.t other 

colour constancy methods. 

In this paper [55], Zhi Zhou et al Offer a different form of assessing sclera picture 

consistency. This method involves a filter and assessment unit of consistency, 

segmentation unit, evaluation unit and fusion score unit. This study has many 

contributed such as a consistency filter and calculation for the identification of blinding 

/ extremely distorted images and a segmentation assessment tool suggested for 

determining the exactness of segmentation within the iris and sclera boundaries. In 

order to integrate consistency, segments and function findings together, the Shafer 

system Dumpster is used. This helps predict the efficiency of the device. The findings 

indicate that the cumulative score leads to the precision of identification. This will lead 

to better and device efficiency estimation. 

In this paper [56], Simona Crihalmeanu and Arun Ross Presents us with the approach 

used as biometric identification systems for scleral texture and vasculature shapes. In 

near infaring spectrum (NIR), iris patterns are best showing, whereas invisible spectrum 

vasculature patterns are seen (RGB). For this approach it is possible to use multi 

spectral images consisting of both NIR and RGB channels. This research work 

contributes in the following areas: 

• Assembling multispectral eye database 

• New algorithm design for sclera segmentation 

• Assessment of three separate extraction features in the assembled database and 

matching structures 

• The method was tested and the results have been very encouraging from 

accuracy and performance perspective. 

In this paper [57], Zhi Zhouet al present a method which uses the iris and the sclera 

image patterns of the eye for biometric recognition. This multimodal method gives 

better results that other unimodal systems. 2D Gabor filters are used for iris-based 

recognition and score fusion is performed using kernel-based matching. 
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Table 2.4:  Description of sclera-based recognition for unconstrained environment, 

relevant techniques, its advantages and limitation 

Author Techniques Advantages Limitations 

Sinan 

Alkassare et 

al [48] 

Sclera Template 

Rotation Alignment 

and Distance 

Scaling (STRADS) 

and Kernel Fisher 

Discriminant 

Analysis (KFDA) 

Better 

recognition 

precision with 

sclera. Low 

rates of error. 

The fusion of sclera 

with iris and periodical 

features would increase 

the device expense, the 

higher the processing 

time the image 

resolution 

Zhi Zhou 

et al [49] 

Line-descriptor 

based registration, 

Feature extraction

 and matching 

method 

Dramatically, 

concurrent 

computation 

techniques may 

minimize the 

processing 

speed 

Images of sclera vessel 

patterns aren't often 

oriented, multi-layered 

vessels with non-linear 

complex deflection 

Rizwan Ali 

Naqvi and 

Woong- 

KeeLoh [50] 

Convolutional 

Neural Networks 

(CNN) 

Improves 

precision by 

making high 

frequency 

knowledge True 

segmentation of 

various regions 

of the eye in 

non-ideal and 

difficult 

circumstances 

Finer details   of the 

image  lost  due to 

repeated subsampling 

No rise in the expense 

of increasing depth 

Alkassare et 

al [51] 
Undecimated 

Wavelet Transform 

(IUWT)and Random 

Sampling Consensus 

(RANSAC) 

algorithm 

 

Lower 

processing time 

with high 

segmentation 

accuracy 

Develop scale, 

orientation, 

illumination 

and 

deformation 

invariant 

The usage of off-angle 

sclera photos has not 

been tested 

Parab et al 

[52] 

Gabor-wavelet filter 

and kernel functions 

Novel line 

descriptor can 

be used to 

accurately 

identify 

individuals 

from visible 

light 

People having blue iris 

difficult to identify 
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Yong Lin 

et al [53] 

Parallel Sclera 

Vein Recognition 

and General purpose 

Graphics Processing 

Units (GPGPU) 

Strong strength 

to mask the 

latency of 

memory access 

Time consuming to 

match two sclera 

images. 

Males et al 

[54] 

Colour Balancing 

Method 

No colour 

constant tuning 

is needed and 

permits the 

constancy of 

computational 

colour in 

images with 

sides. 

Color constancy is now 

regarded as a difficult 

and more complicated 

to overcome, the root 

problem of auto-color 

balance. 

Zhi Zhou et 

al [55] 

Segmentation 

Evaluation Method, 

Feature Evaluation 

Method And 

Dempster Shafer 

Theory  

The combined 

score is 

compared to the 

precision of 

sclera detection 

Not segmented 

correctly, it could affect 

the sclera recognition 

accuracy. 

Simona 

Crihalmeanu 

et al[56] 

SURF, Minutiae 

detection and 

correlation matching 

Multispectral 

eye recognition 

Changes in the 

illumination and viewing 

angle affect 

performance 

Eliza Y. Du 

et al [57] 

Multi-angular Process 

of Recognition of the 

Eye 

Performance 

may increase as 

training and 

evaluating 

images have 

identical 

characteristics 

when opposed 

to iris or sclera 

detection 

More detail is given by a 

multi angle to further 

enhance the precision of 

the identification. 

Although only left and 

frontal eyes are included 

here. 

 

2.8 IRIS DATABASES 

Real data analyses are needed for biometrics research and development, while fair 

comparisons between methods of identification are focused on input data. Therefore, 

regular biometric databases are highly important in checking the methods of 

identification and becoming Compulsory for the phase of growth. We shall look at the 

image databases that are widely accessible in the public domain. 

2.8.1 BATH Database 

BATH dataset was developed and shared by University of Bath in the UK. It consists 

of 32K near infrared grayscale images having resolution of 1280 x 960. These were 
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gathered from 800 volunteers of the Irish Guard [31]. Images in the BATH database are 

free of illumination variance and are blur free. In this database, we will transform RGB 

pictures to grey files. The solution suggested makes these grayscale pictures special 

patterns. This improves the robustness of the proposed research work. 

2.8.2 CASIA Database 

CASIA database is made up of infrared images and is the most popular image database 

for biometric related experimental work. The CASIA-V3 database [32] is made up of 

2639 iris images of 249 volunteers belonging to 395 different classes. Each picture is a 

JPEG 8-bit grey file with a 320/280-pixel resolution. The photos from the CASIA-V3 

lamp are registered with the hand-held sensor OKI. This consists of 16212 pictures of 

411 volunteers from 819 schools. Each picture is a JPEG grayscale 8-bit file with a 640-

per 480-pixel resolution. CASIA-V3 Lamp pictures involve non-linear deformations 

induced by apparent lighting variations. 

Both eye photos from each database could not be included, because the performance 

rate for segmentation was not perfectly reached. Instead, a subset was chosen for each 

database containing only those photos which were effectively segmented. 

2.8.3 ICE Database 

The Iris Challenge Assessment (ICE) competition is intended to test the precision of 

the iris-based recognition system's technology. The key goal is to encourage biometric 

identification systems focused on the iris. 

It consists of two phases: 

• Researchers and engineers were first challenged to the task of improving their 

own biometric algorithms. 

• Several researchers would later be offered the chance to engage in a broad, 

independent appraisal exercise. 

The archive of ICE [33] comprises of 2953 images of 244 distinct groups. It provides 

representations of the right and left iris. The main and differentiating characteristics of 

this ICE database are that they include image noise factors, which helps in measuring 

the system performance. 

2.8.4 MMU Database 

Database MMU v1.0 [34] comprises of 450 iris photographs obtained by LG Iris Access 

2200 from 45 volunteers. The donation of 10 photos was produced by each volunteer. 
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Whereas 995 photographs of iris form the MMU (new) v2.0 database. These have been 

obtained with the BM-ET100US authenticam camera. These pictures have been 

contributed by 100 volunteers of diverse age and nationality. Ten iris images were 

inserted by each issue. Image resolution is 320 × 240 is for both databases and stored 

using the bitmap format. There are images in both databases which offer variations in 

specular reflections, focus, blur etc. 

2.8.5 UBIRIS Database 

UBIRIS.V1 [35] the archive comprises of 1877 photographs from 241 volunteers that 

have been compiled. These images include many factors of noise which are helpful for 

a calm imaging environment. Images are of high (800 by 600 x 200) and low (200 x 

150) quality images. Images were taken from version 2 of the UBIRIS database at reach, 

in motion and at visible wavelength. A total of 11,102 donations were rend from 261 

volunteers. Few photographs of volunteers with glasses. 

2.9 MULTIMODAL APPROACHES IN THE EYE BIOMETRIC 

Gottemukkula et al. [66] the sclera and iris pattern were suggested for the first time in 

the literature. Table 2.5 outlines the entirety of the analysis proposed in the literature. 

Table 2.5: Summary of sclera based multimodal biometrics systems 

Year Author  Multu-

Biometric 

Methodology Type Of 

Fusion 

Database Result 

2010 Zhi Zhou, 

et. al.[96] 

Iris+Sclera Gabor filter and  

Log-Gabor 

filter 

Match score  

level kernel 

based 

UBIRIS Using 1-D Log-

Gabor 

EER=2.73%                                                                              

Using 2D Gabor 

EER=3.06%         

2011 Sriram 

Pavan 

Tankasala, 

et.al.[97] 

Iris + 

Conjunctival 

Vasculature 

GLCM and 

Fisher linear 

discriminant 

analysis 

Match score 

level 

In-House  ROC AUC and 

EER of 0.9518 

and 11.90% 

2012 Zhi Zhou, 

Eliza 

Yingzi Du, 

et. al.[98] 

Iris+Sclera  1D Log-Gabor 

filter 

Match score 

level based on 

image Quality 

UBIRIS FAR is 94.92% 

to 96.42% 

2012 Vikas 

Gottemukk

ula, 

et.al.[99] 

Iris + 

Conjunctival 

Vasculature 

 1D Log-Gabor 

filter 

Weighted 

fusion  with 

match score 

In-house   EER of 2.83%  

2013 Chun-Wei 

Tan, Ajay 

Kumar 

[100] 

Iris+ 

Periocular  

Random walker 

algorithm 

Match score 

level fusion 

CASIA.v4-

distance 

UBIRIS.v2

, FRGC  

rank-one 

recognition 

accuracy is 

52.4%  

2014 Jibu 

Varghese 

et. al.[101] 

Iris+Sclera Otsu’s threshold 

method and 

Gabor filter 

Individual Iris 

and sclera 

recognition  

In-house  Accuracy=99.4

5% 
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2014 Dr. C. 

Immaculate 

Mary 

[102] 

Iris+Sclera LMS: Least 

Mean Square 

filtering method 

Interfusion of 

Iris and Sclera 

surface using 

Laplace 

Transform 

(IISLT)  

Q-FIRE Accuracy=85% 

2015 Gil Santos , 

et. al. [103] 

Iris+ 

periocular 

SIFT &GIST 

and  2D Gabor 

wavelet  

 Score level 

fusion 

CSIP 

database 

EER from 

0.145% to 

2.331% 

2017 Nassima 

Kihal, et.al.  

[104] 

iris and 

corneal shape 

Zernike 

polynomial 

expansion, 

LDA and Gabor 

Filter 

Match score 

level fusion 

In-House 

database 

EER equal to 

0% 

and a 

FRR = 0% at 

0.1% FAR 

2017 Mrunal 

Pathak,et.al. 

[105] 

Iris+Sclera GLCM, Gabor 

wavelet 

Match score 

level fusion 

UBIRIS 

V2 

EER=2.31% 

2017 Nasir Udin 

Ahmed, 

et.al. 

[106] 

Iris+ 

periocular 

“Multi-Block 

Transitional 

Local Binary 

Pattern” (MB-

TLBP) 

 Score level 

fusion 

MICHE  EER =1.22% 

2017 Ajita 

Rattani; 

Reza 

Derakhshani

[107] 

Ocular  

Biometric 

Pre trained 

CNN  

Score level 

fusion 

VISOB TPR of up to 

100% at FPR of 

10-4  

2018 Zi Wang, 

et.al. 

[108] 

Eye region “Mixed 

convolutional 

and residual 

network “ 

(MiCoReNet)  

deep learning 

method 

         -- CASIA-

Iris-

Interval 

V4 and 

the 

UBIRIS.v

2 

Accuracy for 

CASIA-Iris-

IntervalV4= 

99.08%  and                               

Accuracy for 

UBIRIS.v2=96.

12% 

2018 Alaa S.Al-

Waisy,  et.al. 

[109] 

Left iris+ 

right iris 

CNN+ Softmax 

classifier 

Rank level 

fusion 

SDUML

A-HMT, 

CASIA-

IrisV3 

Interval 

and IITD 

iris 

database. 

100% 

authentication 

rate 

 

2.10 SUPPORT VALUE BASED FUSION MATCHING LITERATURE 

In this section, support value based fusion matching process is utilized for the proficient 

validation information is recognized or non-recognized person identity. SVM is a 

kernel based method, however, compared to suboptimal kernel approaches, kernel 

methods for SVMs [65] are optimal as for a clustering kernel system, with optimality 

embedded in convex optimization. Achievement in Incremental models have been 

produced by researchers of theoretical power of SVMs. And provided that in the 
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biometric sector incremental SVMs have never been explored, it is crucial to address 

adaptive biometrics with SVM and their incremental variants. 

2.11 SUMMARY 

It is apparent from multi-model biometrics literature studies that includes survey of iris 

and sclera biometric recognition in unconstrained environment. The literature review 

recorded in this chapter focuses on non-ideal multi-model eye biometrics and that more 

analysis on this subject needs to be done to enhance its accurate content under 

unconstrained environment. 
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CHAPTER 3 

EFFECTIVE SEGMENTATION OF PUPIL, SCLERA AND IRIS 

AREA IN EYE IMAGES 

Iris ID is one of the most effective tools in today's sensitive world for personal 

authentication. The precision of Iris picture segmentation and filtering of the 

background noises is a crucial phase in an iris detection and identification scheme, 

which may include sclera and pupil of the captured input image of a human eye. In the 

recent years there has been extensive work done in biometric research, with the given 

requirement for stricter security requirements. Equally important is the requirement to 

overcome the strict constraints put forth by effective implementation of methods as iris 

recognition. 

An iris acquisition method which is inventive with lesser image conditions can demand 

minimal Identification method limitations. To have appropriate precise steps, In order 

to compensate numerous noise disruptions during an image capture process it is 

necessary to help this form of iris identification system using a well-rounded iris image 

segmentation method. Our research will introduce a well-tested, accurate and fast 

segmentation approach which can compensate less constrained iris identification 

systems. 

3.1 IRIS, SCLERA AND PUPIL SEGMENTATIONS 

Iris detection has now proved to be one of the most accurate and trustworthy automatic 

identification strategies for personnel [67-69]. This is a biometric approach that utilizes 

pattern reconnaissance on iris photographs of high quality [70, 71]. Iris recognition has 

proved to be the best biometric method, in comparison to other features. [72]. 

Iris image segmentation has its own challenges under the visible spectrum (VIS). We 

have a system identified as non-cooperative recognition [73] for automated remote iris 

identifying. Many experimental results to separate the iris from the retina picture have 

been proposed. The main method in these techniques is focused on a border-based 

technique [74-76], in which the precision of iris detection can be increased by sclera 

segmentation in various light and eye conditions. [77]. 
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The technology is moving to enhance the efficiency of identification through 

combination of other eye modalities (fingerprint, palm print, face etc.) and non-ocular 

(fingerprint, palm print, face, etc.) [78], following a continuous analysis of iris 

recognition techniques. Irish imagery in the visual range has the benefits of increased 

inclusion with other information outlets, such as the hue of one's eye or sclera [79-80]. 

We cannot equate iris-identification devices with infrared frequency spectrum. 

The most difficult aspect of the segmentation of human iris is the exploration and 

expertise the role of feature values in the image [81-83]. The segmentation of the sclera 

arising from eyelids and eyelashes and the lighting impact is similarly complicated [84-

86]. The consistency and effectiveness of recognition systems is mostly focused on the 

iris and scleral segmentation process. The segmentation of Iris images will play an 

important role in this detection system's success. Improper segmentation of the iris 

picture may contribute to the incorrect extraction of features from another portion of 

the structure, such as eyelids, eyelashes, sclera, and pupils. The present research 

discusses this problem of iris image segmentation to result in better texture extraction 

and it reflects on the precision of iris image segmentation that could contribute to iris 

recognition device failures. 

Iris image segmentation takes up a lot of compute resources and can affect the overall 

system performance badly. The fragmentation of Iris picture consists of diverse tasks 

and difficulties, for example, increased contrast, distorted pictures, specular reflection 

and occlusion. We consider techniques such as Hough transform, Integral-differential 

operator, Active contours and canny edge detector, to perform iris image segmentation 

that too in challenging conditions. Two of the techniques are curve fitting techniques, 

which are inexpensive computationally. The other two have been recently proposed to 

combine contour fitting and curve evolution approaches. 

When the segmentation of the sclerotic iris edge is not correct, parts of the sclera are 

wrongly treated as belonging to the iris and available features in the lower part of the 

segmented and regularized iris frames as the iris edge. Sclera is wrongly regarded as 

belonging to the iris equivalent to the definition noise type. Various filters, such as 

Gaussi filters and histograms, may also be used to increase the picture quality. Then the 

dilation filter is translated to the BW image. By increasing the size of neighboring lines, 

we can shape a big line section, so the edging detector can identify the lines. Probability 

of pupil circle can be estimated after dilation which is higher [87]. Segmentation is an 
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integral part of automatic image processing systems since it offers the framework to 

identify or understand more processes. Segmentation is the redistribution of each pixel 

to a picture area that is called a standard problem of classification. Taking into account 

the biometric iris, a zoomed image would be displayed in the segmentation point, then 

the pupils and the sclerotic iris would be located on the frame. This is a significant move 

in the usage of CASIA. When the UPOL database is considered, the iris photos are pre-

segmented. This stage is necessary in order to eliminate the unnecessary noise from a 

picture by choosing the acceptable threshold based on variations in pixel intensity. 

Iris analysis starts by detecting the outer (sclera) and inner (pupil) boundaries. For iris 

analysis to be successful it is critical for a better performance of iris identification 

system. The wrong optimization of the iris picture is known to lead towards the failure 

of many of these recognition systems. So, the segmentation component is important for 

iris-based recognition systems to be efficient and reliable. However, there is very little 

assessment of its individual influence in the segmentation results, with much of its work 

concentrating on its effects on accuracy of the recognition [88]. 

Iris is a part of the human eye that is located behind the cornea in the eye and in front 

of the lens. The iris tests the scale of the pupil, which regulates the light injection into 

the pupil and the retina. Literature and papers say that an iris texture is constant and 

never change over a person's whole lifespan. The literature also state that every iris is 

unique and no two human beings (even with the same genetic type) have similar irises. 

Hence, the iris is considered to be a very accurate and unique biometric which results 

in extremely low False Accept Rate (FAR). Experiments conducted on a large-scale 

can confirmed this hypothesis further underscoring the importance of this particular 

biometric trait in identifying individuals. The role of an iris recognizing device is to 

isolate, section, upgrade, extract and fit textures on the iris surface. 

Segmentation is the first step of an iris-based naming scheme. Segmentation requires 

the identification and the isolation of the iris from the vision of the retina. The next 

pupil, the sclera, the eyelids and the eyelashes appear in the two-dimensional picture. 

This implies that the segmentation method has to specifically detect borders between 

the iris and the other areas of the retina. Segmentation can monitor iris form and detect 

occlusions attributable to eyelashes. Segmentation mistakes contribute to decreased 

efficiency. 
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� Segmentation is the first stage for the bulk of biometric analysis approaches. 

The key purpose of the division method is a very precise identification of the 

selective zone. Similarly, correct segmentation is very critical in sclera 

biometrics; Segmentation that is otherwise incorrect excludes existing sounds 

and introduces other sound patterns, eyelashes and clicks. In addition, sclera 

segmentation raises several more fundamental problems: 

� One major consideration is the scleral region, i.e. the foreground and its 

background. Orthodox binarization techniques for segmentation are also 

challenging to use. 

� Highly packaged vessel patterns, particularly near the tear gland are another 

significant challenge affecting sclera segmentation. These mixed patterns may 

be misclassified during segmentation of skin colour and may be identified as 

skin or non-sclera. 

� Certain problems to be tackled during the segmentation of the sclera include 

light shades and specular reflection in the sclera field. 

� A quick movement of the eyeball will raise the differences caused in the 

specular reflections. Dependent on the light angle, certain specular highlights 

may be close to the amplitude of the background values. This may be a struggle 

to distinguish specular feelings. 

3.2 CHALLENGES IN IRIS IMAGE SEGMENTATION 

Segmentation of Iris images often includes finding the outer (iris-sclera) and inner (iris-

pupil) limits of eye picture. This process include extraction of texture characteristics 

from the surface of the iris, simultaneously separating the surrounding region. 

Segmentation of iris is the classic image processing method. For the following factors, 

there are issues with processing non-ideal iris images: 

� Shadows, eyelid and eyelashes often obscured iris region. 

� Specular reflection also occupies iris area. 

� The iris and pupil sometimes may be not in circular shape and varies 

depending on the image capture method. 

� Other difficulties include motion blur picture, reduced contrast level, 

defocusing, etc. The quality content of the picture can be evaluated first 

before proceeds with segmentation. 

� The noise occurs in iris eye images. 
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We will address two main challenges of iris image segmentation: 

• Segmentation accuracy 

• Processing speed 

Our proposed method will show improved iris image segmentation accuracy by using 

different contour features. Usage of entropy based clustering by CNN will give us faster 

segmentation of pupil, sclera and iris. This considering the usage of a noisier UBIRIS 

database and the detailed segmentation of every earlier published work. 

First, the original picture is taken from the database and pre-processed using bilateral 

filtering in our suggested technique. After pre-processing contour-based features 

including texture characteristics, colour and brightness are derived from the image to 

cluster pupil iris sclera region from the eye photographs. Entropy is calculated 

according to these extracted characteristics. 

This equilibrium function: “entropy” allows one to differentiate the data in the images. 

The iris sclera and pupil area of the picture are then separated according to these 

selected features. The CNN is used for clustering the entropy-based image contents and 

provides us with pupil iris sclera segmented region. 

Iris identification systems which are used for biometric identification, must acquire iris 

images, isolate the iris section, and then apply pattern matching algorithms. The scope 

of this research would explore the iris detection and the normalization sections. Iris 

image acquisition is a complex process and iris image databases like CASIA V1.0 and 

V3.0 were used for the developing the algorithms. 

3.3 PROPOSED METHODOLOGY FOR EFFECTIVE SEGMENTATION OF 

PUPIL IRIS SCLERA REGIONS 

This portion discusses the segmentation by active CNN and pupil iris sclera regions. 

The suggested technique is accompanied by normalization and bilateral filtering. The 

input picture is first extracted from the eye image collection. After photographs are pre-

processed, contour-based properties, such as form, Color and light are segmented, 

entropy calculated on the basis of the segmented contour characteristics. Finally, on 

basis of the entropy function calculated, the pupil iris sclera segments are effectively 

grouped into pictures, depending on the similarity achieved in the entropy calculation. 

Figure 3.1 demonstrates the processing flow of the suggested system. 
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Figure 3.1: Processing flow of proposed method 

3.3.1 Pre-Processing 

Preprocessing of image is applied to enhance the input image quality, which is 

subsequently fed to the extraction stage of the feature. Pre-processing boosts the image 

details and eliminates unnecessary image sounds. Before the review process, the raw 

photos obtained must be washed. The noise of the scene must be eliminated and 

ambiguous objects must be improved. This technique has been developed to increase 

the picture quality. The raw input image will consist of noise that decreases accuracy. 

We explore 2D images which are represented by picture elements, also known as pixels. 

Process of digital image processing simplifies the steps of image storage, data 

transmission and representation in a way that’s easily understood. First step is to take 

input image from the database and pre-process it by applying normalization process. 

The picture is then improved by bilateral filtering. 

In the following sections the entire pre-processing phase is defined. Images those are 

captured from different optical sensors vary widely in terms of size and quality. We 

processing this acquired image followed by detecting specular reflections and then 

remove noise and unwanted elements from the image that may affect the feature 
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extraction process. We must ensure that the extracted features are not corrupt. Specially 

the iris area can get easily affected by not so ideal environmental conditions Such 

changes in texture as well as the shape of iris areas will largely affect matching results, 

and further affect the overall performance of the system. 

3.3.1.1 Normalization 

The word normalization was introduced by E. F. Codd. It is a type of pre- processing 

which helps in the important part of image classification. Input data normalization 

would help speed up the system learning phase. We may also need some form of data 

normalization to avoid numerical precision loss arithmetic problems. 

Large range attributes will outweigh small range attributes and they could then become 

more important for the distance measure. Space normalization cannot be a method of 

planning as far as features are concerned, since preprocessing may not be extended 

straight to input vectors. Normalization in the feature space involves redefining the 

kernel functions of the support vector machines, since they are used on the unprocessed 

input vectors. 

Step of data transformation such as Normalization is a tool used for data pre- processing 

in any of the data mining system. The weight of input image used for CNN is 

standardized to resize the values in a tiny, usually from 0.0 to 1.0 scale. Standardization 

is particularly useful for algorithms for data classification involving neural networks as 

well as for distance calculations such as next-door clustering. For the image data, the 

pixel values are integers with value between 0-255. Large weight values for input 

slowdown the learning process. So that each pixel value has value between 0 and 1. To 

visualize image correctly, it is desired to maintain pixel values in positive domain. 

Therefore resizing the values from 0.0 to 1.0 is needed to presents all features 

numerically in same scale so that each one has weight which helps to preserve 

relationship among original input values. Normalizing 0.0 to 1.0 will end up with 

smaller standard deviation where we can stretch the values to extend to the full 0-255 

range of potential values to increase the visual contrast of the image which suppress the 

effect of outliers.  Many methods for normalization of data are available. Any of the 

established ones include z-score, min-max norm and decimal scaling. 

Min-Mix Normalization is the method used to linearly convert the initial data range. 

This methodology often preserves a particular connection inside the original results. 

Min-Max standardization uses a basic methodology that matches the data under a pre-
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defined limit along with a pre-defined limit. We transform the data linearly into a 

particular range in connection with the Min-Max standardization process. The 

following formula typically results in standardization of Min-Max in equation (3.1). 
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Minimum and maximum pixel intensity values are 
min

~
Y and maxY    respectively where 

N ′  is the normalized image. The sample input images and their normalized images are 

given in figure 3.2 and figure 3.3 as below. 

      

Figure 3.2: Sample input images from UBIRIS.v2 

    

Figure 3.3: Normalized images 

Normalization is scaling where we re-scale the image data to a new range. It can be 

used for forecasting or prediction algorithms. There are several approaches to forecast 

or predict, but they are all distinct. Normalization technique is used to keep the large 

variation in predictions and forecasting in a closer range. 

3.3.1.2 Image Filtering 

Filtering is one of the basic and simple processes for image processing. The meaning 

of the filtered images at a position in a broader context of the term "filtering" depends 

on the input picture values in a neighborhood. Take the Gaussian Low Pass filtering 

example, which calculates a weighted average neighborhood pixel value. As we step 

away from the center, the pixel weights decrease. Although systematic and quantitative 
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theories could be discussed, the understanding is that images steadily differ through 

spaces. Near each other pixels would generally have identical values, but together they 

can be averaged. Compared to the image values, the noise attribute that corrupts those 

closest pixels is less associated, and therefore noise is mean while the initial image is 

retained. 

As previously observed, a visual picture incorporates noise from many sources. 

Thermal electrons, for instance, emit dark current noise at sensing sites. This noise is 

directly proportional to the exposure period and relies strongly on the sensor 

temperature. Due to the quantum insecurity in photoelectron production, shot noise is 

created and the Poisson distribution is demonstrated. Noise from the quantizer and 

amplifier was present during the pixel strength conversion. The noise characteristics of 

the picture depend on many factors such as pixels, temperature, sensor form and length 

of exposure. 

� Bilateral Filtering 

The Gaussian smoothing principle is generalized by non-linear filter techniques such 

as bilateral filters, which generate weights and the corresponding pixel values for the 

filter coefficients. Though they are similar to the central pixel, the pixels of different 

strength w.r.t to the central pixel would be less weighted. For both the domain filter as 

well as the filter set, the system utilizes a Gaussian low-pass filter. The domain filter 

weighs pixels nearer the core pixel. The range filter favors pixels close in Gris to the 

middle pixel and gives them greater weight. The average bilateral filter along the edge 

is assured and minimized for the gradient by utilizing the domain filter and the range 

filter. The bilateral filter will then smooth the sound and retain the edges. 

A bilateral filter is a filter that preserves the boundaries. While many filters operate as 

convolutions on images, a bilateral filter operates in the pixel range values of the image. 

This filter replaces a pixel's value by a neighboring pixels weighted average of range 

and space, instead of replacing only the pixel value. This helps in preserving sharp 

edges by excluding pixels having discontinuity. 

Bilateral filter was initially published by Tomasi and Manduchi. The bilateral filter 

concept was named as SUSAN filter. It needs to be mentioned about the Belt rami flow 

algorithm, which is the theory origin of the bilateral filter. Bilateral filter is used in a 

number of algorithms for image enhancement from non-linear L1 to linear L2 diffusion. 
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The bilateral, now known as average filter is the weighted number of pixels in the 

vicinity. The weights taken into account are distance of strength and distance of the 

room. This maintains the edging when averaging and filtering out the unnecessary 

noise. 

The performance of the bilateral filter is determined as follows by mathematically 

indicating it at a pixel position x. 
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Where, )(xN ′   is a pixel space at  )(xI ′  , C′ is the Normalization constant, dσ and rσ

parameters that regulate weight declines respectively in amplitude and spatial areas. 

The key usage for this bilateral filter is picture smoothing, which will enhance the 

segmentation of the image. 
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The windowed size of the pixels to be measured on time is the next parameter to 

remember in the implementation of the bilateral filter. The window size is the property 

of the Gaussian space distribution, with a normal Gaussian variance usually 2 to 3 times 

the window size. Some analysis reveals that bilateral filters is similar to the first 

iteration of the Jacobi algorithm for a certain cost function. 

In Gaussian smoothing we are using a weighted average neighborhood pixel values. 

The averaged weights are proportional inversely to the neighborhood center distance. 

Bilateral filter also adds something called     a tonal weight, which are weights of pixel 

values close to the center pixel value. This additional tonal weighting helps the bilateral 

filter to preserve edges while also smoothing flat regions having small differences in 

tone. 

The selection of suitable filter parameters which affect the results significantly is an 

essential element in the application of the bilateral filter. The acceleration of the 

measurement speed is also another potential explanation for bilateral filter use. In figure 

3.4 the sample filtered images are shown. 
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Figure 3.4: Filtered images 

Bilateral filter performance is better than image filtering algorithms, since it achieves 

good filtering while also preserving edges of images. It is done by combining the range 

and spatial kernel. Spatial kernel filters out the minor and weak differences between 

pixel values that may have been caused by noise. The bilateral filter kernel swaps the 

dark pixels in its proximity by an average of the dark pixels and avoids light pixels. 

This is done for a sharp boundary formed by a bright region and the dark region. 

Bilateral Filter Parameters: The bilateral filter is configured using two parameters: 

dσ and rσ . 

� By increasing the spatial parameter dσ features we can smooth maximum 

features in an image. 

�  With the increase in the range parameter rσ , the Gaussian convolution is                                   

approximated more closely due to range Gaussian dσ   widening flattening. 

3.3.2 Contour Based Features Segmentation 

 The method of defining and separating areas of interest is segmentation. The 

segmentation of the image results from the image sections of the targeted area required. 

The segmentation of the picture relies on multiple parameters. In image processing, the 

contour methods also known as templates are used in various modalities. Selected pixel 

intensity, energy strength and certain conditions are separated by active contour. In the 

segmentation process, several different active contour models may be used. 

� Contour Models 

Contour extraction is an image processing method which uses energy forces and 

constraints for separation of the pixels of interest from the original image. This is done 

for further analysis and processing. Contours are defined as image boundaries which 

are designed for the area of interest, which undergoes interpolation. The interpolation 

process could be splines, polynomial, and linear which describes the curve in the image. 

Various models of contours are utilized in image segmentation technique of image 
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processing. Active contours are used in image processing to derive smooth shape of an 

image. Various active contour models used are gradient vector flow, snake model, 

balloon model, and geometric contours. 

Contour models often specify object boundaries to form a contour or a parametric curve. 

Contour algorithms determine curvature of the models using the applied internal and 

external forces. External energy is formed by combining forces of the image positioning 

of the contour and internal energy which controls the deformable changes. 

Based on forces in the image regions and constraints, we can define contour for points 

in an image. Active contours are also used in multiple medical imaging applications. 

The contour of the image usually defines the layers involved for the region in the image. 

3.3.2.1 Contour Based Features 

Contour characteristics are defined as colour, texture, and brightness information 

metrics. After pre-processing and subsequent entropy, the contour features are 

separated from images. We consider the functionality for contour detection as a starting 

point, which predicts the likelihood of a limit with a point of referral   at x-y as a starting 

point in each pixel of the images I(x, y). The difference in the colour, texture and 

brightness of the local images are then measured. This section helps us to understand 

the efficiency of the colour, texture and shade features. 

In terms of information on colour, texture and form Contour gives us the features of the 

image. It also contributes to reducing computer complexity. If properly extracted, 

contour features can also aid in more accurately classifying design features. Figure 3.5 

provides a process flow diagram for the removal of contour features. 
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Figure 3.5: The process flow diagram of the Contour features extraction 

� Isolation of Eyelids and Eyelashes 

Eyelashes and Eyelids are isolated from images as it is considered as noise, and also 

degrade the system performance, from the Iris image detection. The detection of 

eyelashes can be divided into two types: 

• Isolate separable eyelashes in the eye image 

• Bunch of number of eyelashes together and overlapping in the eye 

In Linear Hough Transform, the upper and lower eyelids are isolated first. The second 

line follows the first line on the side of the iris to the lower and the upper eyelashes. 

The second horizontal line permits full insulation among the eyelid zones. 

3.3.2.2 Color, Texture and Brightness Gradients 

While starting contour detection we define function Pb (x, y, θ) that helps us predict 

with orientation θ, the post-boundary probability of each pixel (x, y). The difference in 
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the colour, texture and brightness channels are measured. This is done by these points 

are examined in this section, our own Pb detector function and the computational 

effectiveness will be demonstrated. 

The basic component of the contour detector was to calculate gradient signal G(x, y, θ) 

from an intensity image I. We then put a ring disc (x, y), then subsequently split the disc 

into the angle of two half-disk θ. We record the pixel values I covered with histogram 

for every half disc. Width χ2 between the two half discs’ g and h(x, y) determines the 

height of the gradient G: 
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The contour detector converts the image input into four different channels, obtains the 

oriented gradient signals and then independently processes every channel. The first 

three channels contribute to the CIE Lab color region mentioned as channels color ‘a’  

color ‘b’ and the channels of brightness. None of the color channel for gray scale image 

used because brightness channel is the gray scale image itself represent image. 

A text id is assigned to each pixel by the texture channel, the fourth channel. The 

histogram of the half disc contains textons. This phase converts the image into grayscale 

and subsequently convolve the same. A response vector with one filter associated with 

each entry is generated by each pixel. Such variables are then grouped by algorithm ‘K-

means’. Image-texton and pixel-integer ids are assigned to Cluster Centers. 

3.3.2.3 Texture Feature 

Although a pixel survives the suppression step, it does not mean that the pixel lies on 

region boundary take a pixel that is inside a uniform texture patch, for example. The 

energy is large, but not on the border of the region. But at the other hand, a pixel 

between two uniform patches is considered with some brightness differences. It is at 

the limit of a region, but its energy can be very small. It would be important to consider 

further information in order to estimate the “probability” of this pixel lying on the 

boundary. The true value of this probability could be calculated after the final 

segmentation. We are currently estimating the region's texture by a pixel. 

Texton distribution on both the sides of pixel is compared w.r.t. dominant orientation 

of pixels to compute texture value. This is a probability-like value calculated by using 

the following function: 
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This value ranges from 0 to 1, for large variation in texture distribution on both side, 

texture value is small otherwise it is large. 2

LRX  is the maximal probability value. For 

brightness step edge in the case of un-textured regions where the textons lying along 

and parallel to the boundary make the statistics of the two sides different. Roughly, 

oriented maxima of energy in texture is 1
~

=textureP   and 0
~

=textureP is for contours. textureP
~

is set to 0 for the  pixels that do not have an energy limit. 

3.3.2.4 Brightness 

The artefacts may be black or white in the input picture. The brightness as a 

characteristic of these items may be observed as feature. Then, transform the RGB 

picture into a grey entity using the Formula to generate the brightness feature map. For 

the whole image, it returns intensity measured between neighboring pixels. For constant 

image brightness estimated value is 0. 
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In which, B̂ is the brightness and ),( baP  is the pixel at location ),( ba .  

3.3.2.5 Colour Feature 

We will characterize colour details in the form of local colour histograms, which are 

measured over 25X25-pixel canter communities in the relevant image area (x, y). There 

are 20 bins in each histogram and three layers that lead to 3 colour components. The 

colour values at each pixel in the district are applied to the histogram with 2-D Gaussian 

inputs weighed σx = σy = 8 cantered at (x, y). The collection of μ is dependent on the 

window height, so that at least 1.5μ fits within the window. The window size and the 

number of bins were set experimentally and were found to yield good results. We will 

therefore use these values in all our tests. Determining the efficient values for 

parameters of an arbitrary input image is a difficult problem which will not be explored 

here. Since the 2-D Gaussian which is normally used to weight the pixel contribution 

to the histogram has unit area, each layer of the resulting histograms will also have unit 

area. 
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Prior to beginning of the search process, local colour histograms are computed and 

processed in a vertical and horizontal direction over the entire picture with a uniform 

grid of 3 pixels between adjacent histogram. Instead of the windows in the histogram, 

we could use a sparser grid, but we find the denser sampling useful at search time. The 

proposed contour extracted images are given in figure 3.6. 

Figure 3.6: Contour Images 

Color as a feature is one of the most frequently used image attribute. The occurrence of 

a colour indicator in a picture with different intensities is defined by this function. The 

colour function displays increased stability and is less susceptible to picture rotation 

and zoom relative to other features. Color brings charm to the items as well as 

knowledge that is then used for content-based picture retrieval as an effective method. 

Color vector is distributed between the equations for a given image (3.7).  
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Where M defines the number of pixels inside each block, iz  is the pixel intensity.   

� Colour Object Detection 

In an illustration, the items can be colored or grey. As part of the medial absolute 

discrepancy (MAD) equations, colour artefacts are readily recognized. Whereas grey 

objects are measured according to the luminosity. And we use an objective threshold to 

decide whether a pixel at (x,y) is a colour pixel or not. If the Crazy of each pixel (x,y) 

is bigger, the colour of the pixel would be remembered and not [89]. 
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If the pixel (x, y) brightness is less than the calculation luminosity is labelled as a black 

object pixel. If the pixel shows up (x, y), the pixels are labelled as white. They are both 

scientific qualities: 
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3.3.3 Entropy Feature 

The main purpose of classification is to categories an image’s pixels to different classes 

according to color, texture and brightness. Traditional threshold methods are simple 

and efficient but they may results in poor classification results because only images 

brightness information is taken into account and neglect contextual information 

between pixels in the procedure of threshold selection. Computational complexity is 

also high for threshold calculation. 

Entropy represent the joint probability of pixel occurrence and capture the local 

information in image by removing redundant features from images. It is an expression 

of a degree of instability in a structure. A calculation of the knowledge may be achieved 

when observing the effect of a random experiment. In many areas such as knowledge 

theory, algebra, statistics, and economics, this definition has been used. 

The basic concept of measurement of entropy estimation came from Shannon theory. 

In order to determine trends and constructs in the data is considered a very significant 

test for entropy. The lower the entropy value that indicates more insecurity, the greater 

the structure. 

For precise segmentation of the iris pupil and sclera regions the entropy values are 

extracted. Entropy is then used to measure uncertainty of a random variable X ′ with 

varying different probability percentages. If X ′  be a random variable with a limited 

number of n-symbol variables represented by    {x1 , x2 , x3 ,....xn }and  P is the possible 

distribution of likelihood. 

If there is a particular value jx , The probability distribution is given by )( jxp such 

that njxp j .....3,2,1,0)( =≥  and 1)(
1

=∑
=

n

j

jx , The volume of knowledge associated 

with a  known performance output 
jx is then defined as follows.,                                            

   “
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That means the information generated in selecting symbol 
jx  is )(log2 jxP− bits for a 

discrete source. If we select symbol 
jx
,

)( jxPn × times in n selections, we can get the 
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average amount of information that can be obtained from n  source outputs using 

following equation. 

“
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The entropy would be formulated as a function of the distribution of random variable 

X ′  which will rely on the probabilities.  

Hence, entropy )(XE ′ is defined as follows, 
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3.3.3.1 Entropy Feature in Iris, Pupil, Sclera Region Selection 

For each feature score is measured and then highest scoring feature is selected for 

retrieving information from image. Feature score is computed by utilizing entropy 

derived from its probability. 

Assuming that the values are represented by feature vector { }nxxxx ,....,, 321   , where 

nx    is the value of the 
th

n feature nf . In this case, we are using the symbolic feature 

type and the feature probability nf is defined as follows, 
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The accurate segmentation method is logged in the database to obtain the probability 

that allow the possibility of a sample of queries. When we issue a query q for feature 

in retrieval round, the feature entropy i

yE , nf  could be computed. Result is as mentioned 

in equation (3.13). Entropy ( i

yE ) is defined as the randomness measure which is used 

to characterize the input image texture. Entropy value helps us differentiate between 

the iris and non-iris texture part like pupil and sclera respectively. Entropy i

yE of the
th

i  

pixel can be computed by the following equation (3.14), 
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P(i, j) is the matrix parameters for coexistences in the co-occurrence matrix with 

coordinates  i,  j, and dimension N, where i and j are the matrix coefficients. The 

outcome result set is more likely to be minimized with a features have high entropy and 

constraints. 

The entropy-based set of features for contour images are measured. To retrieve the 

targeted region, we select the features that have with higher entropy values and have 

minimum relevance. These features are omitted from the features of candidates. By 

omitting the unnecessary features from image feature map, we will reduce the 

processing period for the image recovery. This eventually results in exact and more 

accurate segmented regions of sclera, pupil and iris. 

Entropy is calculated for input eye image for separated contour-based attributes such as 

hue, texture and brightness. In order to cluster the iris, pupil and sclera region 

independently, these estimated entropy values are given as input to CNN for automated 

segmentation. Figure 3.7 represent entropy images. 

    

Figure 3.7: Entropy images 

3.3.4 Segmentation of Pupil Iris Sclera Utilizing Proposed CNN Clustering 

Initially, eye images are taken as an input from database then the input images are 

dilated and pre-processed through normalization process and bilateral filtering to 

enhance and boost the potential. In order to segment pupil-iris-sclera effectively the 

contour characteristics such as texture, color and brightness are mined from the 

preprocessed eye images. 

Entropy is calculated for the characteristics of the derived contour features and the CNN 

successfully splits up the pupil iris sclera region from the images based upon deliberate 

entropy. The entropy function of pupil, sclera and iris extraction and segmentation 

using entropy dependent CNN clustering is seen in the following parts. 

3.3.4.1 Image Clustering 
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Image clustering is a fundamental problem for many computer vision and image 

recognition systems. Nowadays, several images are stored and circulated throughout 

the cloud. The challenge is to efficiently organize such a large amount of image data. 

Most of the research done for large-scale clustering of images is usually based on 

feature encoding (for e.g. hashing) which results in reduced dimensionality of image 

features and then making image clustering possible. However, when we reduce the 

feature dimensionality, we end up decreasing the representational power. This would 

lead to unsatisfactory performance of clustering. 

For certain hash-based methods, the features typically are extracted before hash-

encoding. Different component representation may contribute to the redesign of hash 

functions due to different dimensional variations or vector value ranges of features. 

Clustering approaches may be classified as centroid and hierarchical grouping. 

Agglomerative clustering is one of the most used clustering algorithms. Specific 

samples for agglomeration in the input data picture are known as one cluster of 

photographs. We take two clusters, the nearest to each other in the function domain, 

integrate them into one cluster later on, and determine the midpoint of the unified 

cluster. 

By fusing the two nearest clusters iteratively and modifying the corresponding cluster 

centroids each time we can obtain our desired number of clusters and centroids. This is 

particularly computationally costly for a wide dataset. In addition, k-number of input 

samples from the sources will be chosen by arbitrarily relative to centrally dependent 

clustering (e.g., spectral clusters and k-means). The nearest cluster centroid is located 

on each specimen, later assigned the appropriate cluster mark. Based on the clustering 

performance, the cluster centers are modified. The updating method is sequentially 

iterated before a solution converges. Some advanced techniques like matrix 

factorization and spectral clustering have been proposed, to improve upon the clustering 

performance. These methods use visual feature mapping to other unique feature space 

and then boosts clustering performance. This form of enhanced centroid clustering is 

more suited for massive data clusters than mere hierarchy since resources and 

computational resources are utilized efficiently. 

3.3.4.2 Deep-Learning Based Image Clustering 

Deep learning methodology has made strong strides in various application fields such 

as object recognition, object tracking and its recovery and image classification, with 
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Image-Clustering systems. The most common image and video application uses deep 

learning architectures for images such as ResNet VGG, AlexNet, FCN and Inception 

module. They are based on CNNs (CNNs). CNNs have given us the ability to learn 

visual image representations in a significantly better way, compared to the feature 

learning using traditional neural networks [90]. 

The strength of the extracted features defines the performance of every image clustering 

process. Some attempt has been made to use deep networks to boost the performance 

of the image clustering methods through learning about features representation. While 

deep networks have the ability to focus on thoroughly labelled training data sets, which 

might not be available for unregulated imaging methods. 

We usually use image training datasets having maximum number of images to train a 

neural network model, but the pre-trained model will definitely not adequately fulfil the 

features of the input image data. The first deep-learning, automatic encoder to acquire 

visual image representations is one of the clustering algorithms, which is preceded by 

standard K mediums approach to generation of final clusters of images. That’s, when 

we compare this to CNN- based architectures, auto encoder based architecture usually 

fall short on learning features well enough from images. 

 A relation matrix is suggested to support the CNN-CM system in the learning of 

discriminatory representations used for clustering. Additional side data is given. A 

whole range of K’s is later used to cluster all the images into their respective clusters 

For the large scaled image, the difficulty involved in this full k-means clustering which 

will become very broad and impractical. The CNN-RC method is suggested to learn 

feature representation and image clustering jointly in forward transmission the 

hierarchic picture cluster is made and feature representations in reverse passes are 

observed.  

3.3.4.3 Neural Networks 

Deep learning algorithms utilize neural networks quite popularly. Neural networks have 

been found to do well in terms of speed and precision than other algorithms. We have 

different variants of neural networks, For e.g. CNN (CNNs), RNN (Recurrent Neural 

Networks), Deep learning, Auto Encoders/Decoder and others. 

Neural networks for data scientists and deep learning analysts have been available. A 

strong and fundamental understanding of neural networks, how they are built, how they 

function, and their shortcomings is essential. 
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� Neuron 

The architectural design of the human brain inspires genetic algorithms. A neuron is 

the primary building block of any neural network, similar to a human brain. Just like a 

human neuron, a neural network neuron takes generates an output for given input. In 

mathematical terminology, a neural network neuron utilizes a mathematical function or 

the output generation. 

Sample neuron diagram is given in figure 3.8. 

 

Figure 3.8: Sample Neuron 

� Activation Functions 

We will now examine the different types and look deeper into a neural network. Before 

looking at Neural Network in detail, we need to understand a neural network layer. An 

artificial neural layer is a nerve cell compilation that generates an output for the input 

given. The neurons process each input through activation functions which are assigned 

to it. 

You will find an example of a small neural network as below given in figure 3.9: 

 

Figure 3.9: Sample small neural network architecture 

Input Layer Hidden Layer Output Layer 
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The function which is used by a neuron is called an activation function. Some of 

examples of these functions are SoftMax, step, sigmoid, ReLu, leaky ReLu and tanh. 

The left layer is the neural network's input layer, rightmost end is the output layer. And 

middle one is hidden layer. Occult values of layers in the exercise package and in the 

middle are not observed. The above mentioned example of the neural network has three 

input layers, three hidden layers and one output layer. Each hidden layer can be 

activated independently. In hidden layer1, the sigmoid function could use, hidden 

layer2 can use ReLU, with the use of a Tanh function in hidden layer3. The selection 

of the activation function is based on the problem and data type. In order to make exact 

predictions, each neuron should learn weights at each layer. The algorithm used for this 

learning is termed as back propagation. A deep neural network is defined as one having 

more than one hidden layer. 

3.3.4.3 CNN for Clustering 

The majority of the image clustering algorithms move through a deep learning network. 

These image clusters are further grouped as per the image features. Instead of standard 

CNN, we recommend an “Entropy Based Convolutional Neural Network (E-CNN) to 

remove excellent image features in order to prevent training bounding boxes. E-CNN 

comprises of five convolutionary layers from the five convolutionary layers of the 

famous AlexNet known as Conv1 to Conv5. Then the three adaption layers of the 

channels k, 2048, and 6144 (Conv6 to Conv8) are followed. The adaptation layers have 

3X3 kernels and then a global max pooling to applied to decide each Conv8-channel's 

maximum value. Conv8 locates the salient region of the proposed E-CNN roughly. This 

E-CNN extract features from the selected regions of the image. Other convolutional 

layers derived from VGG, Inception modules or ResNet(Conv1 to Conv5)can replace 

the existing E-CNN layers. 

3.3.4.4 Segmentation of Pupil Iris Sclera Regions Using CNN Clustering 

Images are multidimensional vectors and it would take very high number of parameters 

to characterize such images in a network. CNNs help us reduce the number of 

parameters and also help adapt the network architecture to vision tasks. CNNs are 

formed by a set of layers that we can later group by functionality. Algorithm 1 lays out 

the pseudo code of the proposed E-CNN for the Sclera, Pupil and Iris segmentation 

areas. 
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Algorithm 1: Pseudo code of proposed CNN segmentation 

CNNs is a variation of traditional neural networks and they are used regularly for 

Computer Vision applications. Name of CNN is defined depending on its hidden layer 

architecture. The hidden CNN layers comprise of different layers such as convolutional 

and normalization, max/min/average pooling and fully connected those are   completely 

related, complicated and normalized. Activation functions are replaced by pooling and 

convolution functions. Figure 3.10 gives the segmentation of areas of iris, pupil and 

sclera. 

 

Input: Input entropy feature map  

Output: Sclera, pupil and iris segments 

 

1. Initialize all weights and biases of the CNN to a small value. 

2. Set learning rate  

3. For each input pattern  do 

4. Compute error for the CNN 

5. For  to 1 do //with K number of feature modules 

6. For layers  to 1do 

7. Compute the error based on the i-1 module i 

8. End for 

9. End for 

10. Update weights of the final neural network 

11. For to 1 do 

12. For  to  do 

13. If module  is not a max-pooling layer then 

14. Update weights and biases of the module  

15. End if 

16. Update the thresholds of the module  for clustering 

17. End for 

18. End for 

19. End procedure 
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(a) Pupil                                     (b) Iris                               (c) Sclera 

Figure 3.10: Segmentation of Iris, Pupil and Sclera Regions in Entropy Images of 

UBIRIS.v2 Database 

The extracted entropy features set { }i

yyyy

i

y EEEEEf ,.....,,)( 321=  are given as an input to 

the CNN classifier and also the CNN clusters pupil iris sclera parts using the entropy 

value of image pixels. Convolution layer, pooling layer and fully connected layer part 

of the CNN classifier.  

The structure of CNN classifier is shown in figure 3.11. 

 

Figure 3.11: CNN Model 

The CNN grouping comprises in general of layers as a convolution layer. CNN's final 

performance option is based in the network framework on previous layer weights and 

partitions. The preferences and weights are then modified for each layer respective with 

equation (3.15) and equation (3.16), 
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Where, weight is W , B  represents the bias, l  is the layer number, λ is  the 

regularization parameter, x defines the learning rate, n represents the total number of 

samples for training, m  is  the momentum, the updating step represent by  t  and C is 

the cost function respectively.  

The remaining layers (e.g. Conv6-Conv8, FC9, and SoftMax) are bound to Conv1-

Conv5 until Conv1-Conv5 has been pretrained. Data rationale is used to refine the 

sample selection throughout the pre-training cycle. After initialization, the pre-trained 

parameter collection is the initial model for each image clustering operation 

The structure of the entropy-based CNN is described in figure 3.12. 

  

Figure 3.12: The Structure of a CNN 

 

The weights determined using the equation (3.16) is provided as input and leads to 

optimized results by using optimal weight for further care. This optimization method is 

any layer of the CNN is continued and results which results in an effective 

classification. 
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The CNN Grouping is made up of a variety of distinct layers: (a) convolution layer, (b) 

pooling layer and (c) fully connected layer which are described as follows. 

(A)  Convolutional Layer 

Convolution operates on two single-dimensional signals of an image or on two double-

dimensional signals of images. Convolution takes two input images and creates the third 

output image.  In simple terminology, an input signal is used, it is filtered with a kernel 

and an updated filtered signal is generated. 2 functions f and g are defined 

mathematically as, 
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A ‘dot’ product of two functions, here first is input function and second is kernel 

function is given by above equation. For framework for image analysis, kernel can be 

visualized as a slider which slides over an entire image, while generating new pixel 

values. 

Convolution layer consists of kernels or filters, which are weight matrices. Output of 

earlier layer is convolved using filter kernels, for every convolutional layer. A non-

linear operation then follows to generate the layer output. A kernel by structure is a 

matrix which is then convolved using input features, controlled by the stride. 

Convolution is performed using equation (3.18). The convolution output is also called 

as feature map. 
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If h  is filter, x   defines number of input features and N  is the number of elements in

x . The output product vector is denoted by y . The 
th

n  element of the vector shows 

the subscript.  

The Convolution Operation: Three elements are part of convolution operation: 

• Input image 

• Feature detector stage 

• Feature map 

We will be using a 3x3 matrix, but sometimes a 7x7 or a 5x5 matrix is also used as a 

feature detector stage. The feature detector stage is mostly called as "kernel" or "filter". 
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The pixel values of the input image for convolution operation are given in figure 3.13 

and the feature detector stage is given in figure 3.14. 

0 0 0 0 0 0 0 

0 1 0 0 0 1 0 

0 0 0 0 0 0 0 

0 0 0 1 0 0 0 

0 1 0 0 0 1 0 

0 0 1 1 1 0 0 

0 0 0 0 0 0 0 

Figure 3.13: Sample input image pixel values 

0 0 0 

0 1 0 

0 0 0 

Figure 3.14: Feature detector stage 

Feature detector stage could be a 9 cell window (3x3). 

• Feature detector stage is slides over input image from the top, and then we count 

the number of feature detector stage cells matching the input image. 

• The number of cells that match are then inserted in left top cell of the feature 

map. 

• Move feature detector stage one cell to the right side and repeat. This movement 

is defined as stride, as we move one feature detector stage cell at a time. 

• After dealing with the first row, we can then move over to next row and repeat 

the process. 

 

It is to be noted to not confuse feature map with other two elements. The feature map 

cells can contain any numbers, and are not restricted to 1's and 0's. After going through 

every input image pixel, generated results are as shown in figure 3.15, 
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Figure 3.15: Convolution Operation 

(B) Pooling Layer 

After a convolution layer we can add a pooling or a sub-sampling layer in the CNN. 

The Pooling layer can help reduce spatial size of the feature which is convolved. This 

helps in to reduce compute power requirements. It is also useful to extract rotational 

and positional invariant features, with efficient training of the model. Training is 

shortened by the Pooling layer and it also helps control over-fitting. 

We can estimate and reduce the dimensionality of an input or output from previous 

stages. The swimming pool is graded as min, peak and average. Maximum pooling is 

based on the collection of the max value from the interest region and the minimal 

pooling on the selection of the min value from the interest region. Average pooling 

offers the area of concern an average of all interested region. The selection of number 

of pooling layer and the convolution layer form the conventional CNN layer is 

dependent on the image complexity. The number of CNN layers can be increased to 

capture more details. More layers would increase the compute power requirements. 

After the convolution process is completed, the training model is successfully enabled. 

We can then flatten the final output and later feed it to traditional Neural Network for 

classification activity. 

Max pooling example operation is given in figure 3.16. 
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Figure 3.16: Max Pooling Operation 

A 2x2 filter is chosen with a stride value of 2. This is similar to dividing the input into 

4 similar squares, get the max value of each square, and use it as output. The process 

used to fill in a feature map will differ from the one we discussed. This example will 

place a 2 X 2 box at the left top corner and move the row. By creating the feature map 

we dispose of unwanted information. In the current example, we have disposed 

approximately three fourths of the original feature map information. If you consider 4 

pixels in the feature map, only the max value was retained and other 3 values were 

disposed of. These are unnecessary details that we can do without and network work 

more efficiently. The feature at output of pooling layer can be detected by the neural 

network in spite of change in appearance among the three images. 

This process provides the spatial variance capability to the CNN. Pooling also helps 

minimize the image size and the number of parameters resulting in prevention of issue 

of "over fitting". Over fitting creates a more complex model in order to consider these 

additional features. It is obvious that a CNN is a deep neural network with concealed 

layers that incorporate features, pooling and nonlinear transfer functions. 

(c) Fully Connected Layer 

This layer is entirely linked by flattening and changing the performance of the previous 

layers into a single vector of all activations from the previous layer. This individual 

vector plays a part in the next step. Per neuron of the previous max-pooled layer binds 

to every neuron contribution from this layer. 

The reverse propagation method is performed to evaluate correct weights for the 

completely linked layer of the CNN. Weight is received by each neuron that helps in 

prioritizing appropriate label. Classification decision results in the vote from these 

neurons. The completely linked layer benefits from the convergence and pooling 



68 

processes, flattens them to single vector values and uses the results to classify the input 

image as a label. 

Representation of Learning Process 

The salient features are obtained from the output of Convolution layer, defined to a 

fully connected layer to eventually produce features map for the clustering. We use a 

regular method as shown in Figure 3.17 to learn the parameters of the completely 

implemented layer and SoftMax of the proposed CNN. 

 

Figure 3.17: Illustration of parameters of the fully connected layer and Softmax layers 

of CNN 

Softmax Activation Function 

The probability distribution of the k output classes is computed using ‘Softmax’ 

function. Therefore Layer 3 uses Softmax function to predict which class the input 

belongs to is pupil iris sclera. 
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e

e
p

1                                                                                                            (3.19) 

Where input x is the source of a network, CNN outputs are either iris sclera or pupil 

region of segment. CNNs consisting of more trainable convolution layers used mainly 

for classifying pictures, clustering them by similarities and performing object 

recognition within scenes. In given input image CNN is used to cluster data in to three 

region Clustering is achieved using entropy value and efficiently segments the iris 

sclera pupil regions. 
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3.4 SUMMARY 

This chapter describes about use of effective characteristics and CNNs in unregulated 

eye pictures for efficient segmentation of the pupil iris sclera regions in the visible 

frequency spectrum. Possible findings are evident from the presented processes. The 

method offers an accurate and systematic segmentation of pupil, sclera and iris areas 

with an emphasis on the combination of contour based features, entropy measure and 

CNN clustering. The presented methods seem to achieve potential results. 

In addition, this framework for segmentation and multiple consistency characteristics 

may also be used in the visible frequency range to detect biometric characteristics from 

pupil iris and sclera regions. Compared with previous system such as ANFIS and K-

Nearest Neighbors, the success of the proposed research is proven by the experimental 

segmentation results. 
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CHAPTER 4 

AN EFFICIENT MULTIMODAL BIOMETRIC SYSTEM BASED 

ON ENTROPY BASED CLUSTERING AND FUSION MATCHING 

USING SUPPORT VALUES 

Biometric devices are typically used to authenticate the identification of the user in 

commercial and non-commercial applications and electronic gazettes, based upon 

user’s behaviour or physical features which cannot be robbed and unremembered such 

as standard identity facts including passwords, keys, cards, and so on. Multi modal 

based biometrics is a recent and different approach for representation of biometrics, 

which tries to consolidate data presented by many biometric traits and sources. It can 

drastically improve the recognition results, while also improving on the other problem 

areas. 

For unconstrained and coloured eye images, multimodal eye biometric based system is 

proposed which would combine features of iris sclera pupil. This system is more 

efficient and accurate for individual identification. The method of profound learning 

segmentation is suggested by the usage of the convolutions neural network dependent 

on entropy values measured using eye image contour texture, colour and luminosity 

characteristics. Multi-algorithmic approach for feature extraction is suggested for the 

purpose of extracting best quality features dependent on colour, texture and shape 

characteristics. Colour histogram in combination of Gabor log filter are used to derive 

colour and texture information available in iris and pupil and Blood vessel pattern 

available in sclera is measured using Y-shaped algorithm. Fusion is performed at 

feature level based on SVBF matches to achieve a high precision in order to boost 

efficiency and accuracy. This section examines the effects of entropy-based clustering 

and support value based fusion matching on an efficient multimodal biometric system. 

4.1 COLOR HISTOGRAM 

Colour histogram is a popular methodology used to measure colour characteristics. 

Colour histograms are simple to quantify and are essential for image store indexation 

and retrieval. Therefore CH techniques find extremely very efficient and effective in 

image processing. The global feature index and the local feature index are considered 

as two types of colour histogram. 
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The entire image is analyzed by the global feature index while the parts of the image 

are analyzed by the local colour index. Global histogram is the most common 

representation of colour information. The colour histogram shows us the probability of 

intensity of all the three-color channels. This gives us information on the global colour 

distribution for an image. The colour histogram gives us information on the similarity 

among different images, due to the way it is structured and immunity to background-

based complications and distortions in the object. 

The colour histogram also has some documented issues related to the task of indexing 

the image and retrieving the same. 

• They are sensitive to noisy interference like quantization errors and lighting 

intensity changes. 

• They treat similar looking colours as same, given that they are categorised 

under the same histogram bin. Whereas those two colours will be treated as 

unique if they are categorised under two different histogram bins, though 

they might look similar. Even if coarse quantization option is chosen, colour 

histogram normally end up with dimensions or histogram bins which might 

in hundreds. This would severely affect the computation of distance 

measurement during the image retrieval. 

• Colour histograms do not possess spatial information and that lack of 

information makes them impractical to support indexing of image and their 

retrieval. 

For a CBIR based system, the effective approach is that of a colour histogram for image 

retrieval. The three-dimensional image is much better than a two-dimensional image. 

The colours in a picture representing the variety of colours are mainly found to derive 

the colour characteristics. Three values occur in colour components in RGB colour, for 

instance. HSV colour space is used regardless of its similarity to the human visual 

system. The colour quantization method decreases the overall amount of distinct 

colours in the picture block. 

The following formula enables RGB picture to be transformed to an HSV image. 
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Here H is the hue that occupies all wavelengths. S represents the saturation value or 

white light. V represents colour space values which shows the intensity of an image, 

ranging from 0 to 1. 0 is black and 1 is a white colour. 

This is utilized for separating the colour feature of an image. It denotes the frequency 

dissemination of colour boxes in an image. It adds the related pixels and accumulates 

it. The colour histogram of the image I’ is portrayed as, 
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Here, M  is the quantity of segmented regions, N is the quantity of colour blocks in the 

colour histograms,  ][
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 denotes the region  k  in image I’. 

4.1.1 Modification to RGB Histograms 

Either very high or low luminance’s exists in low-contrast images. Traditional HE 

algorithms have redistributed the grey levels to fill the whole complex field, implicitly 

dragging global luminance across the middle range. If RGB histograms are equalized, 

while a colour picture with dominant colour is considered, the dominant colour channel 

is at a low level that damages original saturation. For image processing, RGB colours 

are typically used. However according to human’s subjective, perception of colours is 

not in conformity. In truth, the distance between two different colours is not been 

identified in RGB colours. 

4.1.1.1 HSV Colour Space 

The HSV colour model is a colour model of vision. It's considered a perceptual 

paradigm, since the colour is known even non-technical persons. The HSV colour 

pattern is an RGB colour deformation, which can be mapped to RGB by non-linear 
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translation of the model of RGB. The model HSV colour describes colour in line with 

the three-universal colour: Hue (H) is the essential colour attribute such as: red, yellow, 

green. The colour scale ranges between 0 and 360. The colour purity in saturation(S). 

The proportion of grey in the colour specified is indicated. For grey and primary 

colours, this vary from 0 to 100 percent or from 0 to 1.0. Luminance (Value) gives us 

the colour brightness and it could vary based on saturation in the colour. It varies from 

0 to 100%. 0 represents black colour. 

The transformation from RGB colour to HSV colour does not get affected by the 

variations is white light or ambient light. Users can define skin pixel boundaries based 

only on teeth and saturation values. 

 

Figure 4.1: HSV colour space 

4.1.1.2 Processing in Colour Space 

� Conversion from RGB to HSV colour 

Calculation process can be described as follows: 
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“ [ ] [ ] [ ]1,0,360,0,255,0,, ∈∈∈ vhbgr ” 

r’, g’ and b’ have no meanings when max (r, g, b) =min (r, g, b). Therefore we may 

define h=s=0, v=r/255. 

� Quantization of the HSV Colour Space 

Due to the enormous colour details, several vector measurements would be available. 

Thus, in line with our visual differentiation, we calculate the three components equally 

for reducing computation. 
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� Constructing One-dimensional Feature Vector 

All three components can be synthesized into one-dimensional characteristics vectors 

based on the above quantification measures. 

( )71039 <=<=++= LVSHG                                                                                          (4.17) 
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Each component's coefficient is dependent on its weight in human’s visual resolution 

capability. For example, hue is the easiest component to discriminate for human eyes 

and therefore has the highest coefficient. A single vector is used to represent distribution 

of all components of individual pixel. The basis for creating the colour histogram are 

these vectors. 

4.1.1.3  The Colour Histogram Algorithm 

Among all image retrieval techniques, colour histograms are commonly used. This 

method represents the proportion of different colours in the pictures, but don't provide 

information about a colour's spatial position. The colour pixels are stored in a single 

array to allow each colour to fit a number of pixels and to produce the normalized colour 

histogram. 

 

4.2 LOG GABOR FEATURE EXTRACTION 

The iris features are derived from the polar coordinates. A two-dimensional Gabor pass 

band filter offers a very efficient and accurate spatial-frequency solution and is 

routinely used to extract texture information from the image. Complex calculations are 

done using Convolution, due to the filtering of various frequencies and unique polar 

coordinate positions. 

4.2.1 Gabor Filters 

Filters from Gabor are widely used for local frequency information. Its design provides 

a powerful spatial and frequency knowledge concurrent localization. In applications 

such as iris detection, fingerprint recognition and image processing, Gabor filters have 

been used. The Gabor function offers one a lower correlation between space frequency 

and space in the ambiguity relationship of Gabor-Heisenberg-Weyl. In the time and 

frequency domain, Gabor filters may provide us with optimum signal characteristics. 

The sine cosine wave and Gaussian are modulated to design Gabor filter. This mixture 

helps one to locate the frequencies and space optimally together. 

The signals are decomposed by a quadrature pair of Gabor filters. First, real part is 

Gaussian modulation and cosine, second the imaginary part is Gaussian modulation and 

sine. Even symmetrical filter is known as real component and odd symmetrical filter is 

known as imaginary component. Because sine cosine wave provides the centre 
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frequency brings us the Gaussian bandwidths of the Gaussian filter. Gabor filters are 

typically a conventional alternative, which has two key limitations: 

• Bandwidth is just one octave at optimum. 

• We lose the filter performance when we try for broad spectrum and max 

localization of space. An alternative option could be a log-Gabor filter. 

4.2.2 Log-Gabor filters 

Log Gabor filters are built using arbitrary bandwidth, so that a minimal spatial filter can 

be generated. Gaussian transfer functions are used for log- Gabor filters on logarithmic 

frequency scale, whereas these transfer functions work on a linear scale for regular 

Gabor filter. Hence log-Gabor functions have extension at the high frequency side and 

are able to achieve encoding of natural images more efficiently. These transfer 

functions are similar to visual system of humans, similar to cell responses. A log- Gabor 

Filter bandwidth can be optimized for minimum amount of spatial extent. 

The transfer function.is used to define log-Gabor filter as given below. 

( ) θθ HHfH f ×=,  

Where the first part is the bandwidth, and the second part is the radial component. Log 

Gabor filter is derived from the simple Gabor function. Gaussian log frequency displays 

the frequency response of the Gabor filters. Log Gabor wavelet allows for channels to 

have high amount of data transfer capacity. 

For log Gabor filter, the transfer function of is specified as, 
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Where, σ  is the filter bandwidth and cf denotes the canter frequency.  

We can split the Log-Gabor filters into 2, viz angular and radial filters, ( )
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Here, 0θ is the orientation angle, 0u is the central frequency, ρα and θα represent the 

scale and the angular bandwidth respectively, (ρ, θ) represent the polar coordinates. 

We set ρα
= 0.75. This contributes to a minimum overlap of the scales that are one 

octave apart and
6

pi
theta =α . A constant factor is used to rotate the scales to better cover 

the Fourier plane, half a distance between filter centers. 

 

 

(a)                                                                          (b) 

 

 

                                       (c) 

Figure 4.2: Frequency response half-amplitude bandwidth of (a) A selection of filters 

from Gabor. (b) Comparison of contour for Gabor filter and log Gabor filters (c) Log-

Gabor filters (bandwidth = 1 octave) 

4.2.3 2D Log-Gabor Filters 

2D Filtration of Gabor is commonly used to detect iris to collect useful data from a 

segmented iris image. This algorithm exploits iris feature extraction methods that rely 

on phase data which allow illumination-invariant iris recognition method. 

2D Log-Gabor filters can be numerically interpreted in the spatial domain with reverse 

Fourier transform using polar frequency domain corers. 
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ρα  is filter bandwidth in the radial direction, 0u  is  the filter centre frequency, 0θ  is 

the filter orientation angle, Δθ shows the orientation spacing between filters and T 

shows a scaling factor. 

Research shows that natural images have amplitude spectrum that taper down at 1/f. 

We should use a filter having similar characteristics to encode such images. Log-Gabor 

filters based on their architecture and characteristics are a natural choice for such 

application w.r.t. regular Gabor filters. Research also shows the Log-Gabor filters 

having more consistency for measuring mammalian visual systems. 

4.2.4 Modified 2D Log-Gabor Filters 

Due to above characteristics, Log-Gabor filters are more appropriate than complex 2D 

Gabor filters for eliminating iris phase functions. 

To obtain accurate characteristics of phase features, we should focus on the following 

points: 

• We can utilize 2D Log-Gabor filter as band-pass filters for radial 

coordinates and also use it as low-pass filter for angular coordinates. 

• To maintain the iris phase information complexity in angular coordinate, we 

should account for large bandwidth of 2D Log-Gabor filter. In case of 

smaller bandwidth allocation, iris codes are represented as normal stripes. 

Hamming distance would be less than 0.5 and iris recognition performance 

would be significantly affected. 

• The Log-Gabor filter frequency response is tilted when the bandwidth nears 

2π. This kind of bent frequency response would affect the Log- Gabor filter 

phase sensitivity. 

To overcome these shortcomings, we modify the frequency equation of 2D Log-Gabor 

filters and build it with frequency domain-based Cartesian coordinate system. 



79 

( )

2

2

1
log

log

2

1

1

2

0

0

1

,







−







































−

= v

v

u

u

u

eeG
σ

αρ

θρ                                           
(4.21) 

1u = u cos(θ)+v sin(θ),  

1v = −u sin(θ)+v cos(θ),  

Sets the bandwidth of the filter ρα in direction 1u  path which also determine the 

bandwidth of the filter in direction 1v . Θ represents 2D Log-Gabor filter orientation, 0u

gives the Centre frequency. 

The modified 2D Log-Gabor filter removes the Log-Gabor filter limit to enable the 

creation of a wide boundary filter in either direction. On the modified 2D Log-Gabor 

filters there are no spatial domain phrases. The pulse reaction in space and frequency 

fields is seen in Figure 4.3. 

                    

                                (a)     (b) 

 

                                (c)                                                         (d) 

Figure 4.3.: (a) 2D Log-Gabor filter frequency response with large angular bandwidth 

(b) modified 2D Log-Gabor filter frequency response(c) 2D Log-Gabor (d) the actual 

portion adjusted 2D Log-Gabor filters the hypothetical portion 



80 

4.2.5 Feature Extraction Using Log-Gabor Filters 

The features resist rotation, size, and translation before we take the features from the 

Iris Image. The coding of the iris derived by the modified Log-Gabor Filter is connected 

to the divide between the two. 

On summarizing the main steps for the process of feature extraction are as follows: 

� We filter a picture in five varying shapes and four different ethnicities 

using a Log-Gabor filter bank. 

� Get the filter performance gray-scale values and measure the average 

absolute deviance value. 

The findings are symmetry for the log frequency axis. The Gabor function results. As 

seen in figure 4.4-b, the Log-Gabor filter answer is equally distributed across the 

channels. The Gabor daily filter displays lower frequencies. This contributes to 

redundancy in the low frequency filter response, seen in Figure 4.4.  

 

(a) Gabor Filter 

 

(b) Log Gabor 

Figure 4.4: Comparison of the Gabor and log Gabor functions 
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4.3 Y-SHAPE SCLERA DESCRIPTOR EXTRACTION 

4.3.1 Sclera Feature Extraction 

There are multiple layers of veins in the sclera. Scleral blood vessels may have varying 

patterns due to the activity of certain layers. Blood vessels take many forms within these 

layers. When the number of branches goes above three, the blood vessels from different 

layers of the sclera and the deformed modal with the eye movement. 

Y-shaped branches have stable characteristic and can be used to describe function of 

the sclera descriptor. For origin shape of branches, in all segments of the lines, we 

search for the closest group of neighbours at normal spacing. And the angles between 

these neighbours are determined and classified. If two forms of angle values are present 

in the section, then the framework formed Y shape structure and the segment angles are 

stored as new sclera feature. 

 

Figure 4.5: Sclera Y shape vessel branch 

 

Figure 4.6: Y shape vessel branch rotation and scale invariance 

Each branch Y type vessel's orientation and relationship can be measured in following 

two ways: 

• First, The angles of formed between each branch from Y-shape are used. 

• Second, Angles formed between the iris radial direction and branch can be   

   used next. 
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More Rotational efforts are needed in first approach to align. 

As shows in Figure 4.6 the angle between the radius of the pupil and each individual 

branches are given by ,, 21 ϕϕ and 3ϕ . Even though the action such as head tilt, moment 

of eye, zooming camera may affect the quality of image during acquisition phase and 

,, 21 ϕϕ and 3ϕ   are stable and unchanged. 

 To adjust for pupil centre calculation errors in segmentation, we can approximate 

auxiliary parameters such as centre position with (x, y) coordinates. The Y-shaped 

descriptor value for sclera is extracted with respect to the iris centre. Therefore the 

descriptor is associated naturally with the iris centre. The descriptor is invariant and 

rotational in scale. 

4.3.2 Y-Shaped Descriptor 

Nearest neighbouring set of each line is searched to detect Y shape branch of the sclera, 

and angles are classified within the neighbours. The Sclera Y-Shape descriptor 

extraction is listed in algorithm 1. 

 

 

 

 

 

 

 

 

 

 

Algorithm 1: Sclera Y-Shape Descriptor extraction 

In above algorithm descriptor angle element’s Euclidian distance is defined by eq.4.22. 

),( yxEd
′′  is the Euclidian distance between the centres of two descriptor described as 

eq.4.23 where  TiY  and TjY   represents the Y shape descriptors values. in  defines pair 

numbers and id gives centre distance of pairs, for the corresponding descriptors.  

Sclera Y-Shape Descriptor extraction 

For each TiY
in left half of testT
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Distance threshold and search field threshold are given by φ ′t   and '' ytx respectively 

for matched descriptor. 

Here, 
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4.3.3 Sclera Vein Matching 

To compare between two of the sclera templates, we search the Y shape branches of 

the nearby area. Only the right section and left section of the sclera is searched to limit 

the search time and range. As a consequence, the distance (di) between y-shaped 

branches’ s centres in addition with number of matched pairs ( in ) are stored as sclera 

template. 

The preference is controlled by the threshold value ‘t’. The option to fit or not. When 

the matching score is less than t, sclera template will be discarded. The match score is 

calculated as the follows: 
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The matching step and the decision step is part of the process, which helps derive the 

results. St
f

 of the user enrolled for test for a match is compared with St
t
 of any pre-

saved test template. Any pre-saved trial template with Stf Sets of features p m from Stf 

and St
t
are deleted. 

This pair is consequently compared in position and angle with respect to center of iris. 

As far as the decision process goes, two stages are involved. 

• Decision method based on Euclidean distance. 

• Difference in angle to categories the matching results. 

Two parameters are defined for each pair, 
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Where = 20◦ and = 5◦ are set empirically for best performance. Defined below in 

algorithm 2 are steps taken which results in acceptance or rejection of each pair.   

 

Algorithm 2: Decision Process to match Sclera Pairs 

The final decision is calculated as follows: 





=
Reject,

Accept,
fD

 
Otherwise

thif f≥
pm of no.

pairs accepted of No.

 

                                                                                                                                (4.27) 

Where thf   is set empirically to 0.6. 

 

(a) 
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(b) 

Figure 4.7: Sclera templates matching process for (a) same individual and (b) 

different individuals 

Few results of the matching process are shows above in Fig.4.7. mp  points are 

represented by a red cross and f in  in are in a blue cross. 

Fig. 4.7(a) shows the sclera templates matching for the same person and Fig. 4.7(b) 

shows the sclera templates matching for different persons. Df is a very high percentage 

(Df = 89.51%), while matching sclera templates of the same person, compared to sclera 

templates matching for different persons (Df = 49%). 

 

Figure 4.8: Sclera Y shape descriptor count identification 

Figure 4.8 typically blends separate datasets of ship segments to create a Y-shaped 

branch that generally belongs to the same sclera sheet. The segments of the vessels 

might derive from different sclera layers, with more than three divisions. Y branches of 

the form are stable and can be used as sclera attribute descriptor. 

4.4 SUPPORT VALUE BASED FUSION MATCHING PROCESS 

In this section, support value based fusion matching process is utilized for the proficient 

validation information is recognized or non-recognized. Here, at first the support 
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esteem is estimated for the extracted features set by utilizing the condition (4.28) and 

after that support value-based score is determined by utilizing condition (4.29). 

At last, the Euclidean distance is determined among training and testing score esteems 

to matching the score. If the Euclidean distance is assessment to be less than the 

threshold, the data is recognized otherwise the data is non- recognized. The Support 

value-based fusion for the extracted features is denoted in condition (4.28) 
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Where, )( fG′
is the log Gabor feature, R′ is the sclera Y-shaped feature, 

)(IDLCH
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is 

the color histogram feature. The score measure dependent on the support value, 

minimum and the maximum value of all features is portrayed as,  

minmax

~
WWSS value ++=′

                                                                    
(4.29) 

              Where,
 

                                    
{ }featuresallW maxmax =

                                                                                              
(4.30) 

                        { }featuresallW minmin =                                                                  (4.31) 

4.4.1 Support Vector Machine (SVM) 

SVM is a supervised algorithm for problem solving focused on classification and 

regression techniques. Using a technique, user data is converted and then an ideal 

outcome is sought for potential performance scenarios. All data is categorized by means 

of an assist vector machine and is called separate (normally abbreviated as SVM). In 

fusion, the performance of all discriminating SVM functions is used, rather than fusing 

the classification outputs. SVM differentiates two classes of data by applying a linear 

hyper plane to two different training samples of data. 

The structural risk minimization technique is used to create a optimization solution and 

it tries Maximize OSH margins and help training samples of vectors. Wherever cases 

cannot be separated, data is mapped to higher dimension in space and samples are re-

distributed so as to help enable case separation. 

SVM theory is summarized as below: 

Let us deal with an issue of binary classification, with d dimensions and  storage 

feature space d
R , d

i Rx ∈ , Li ,....,2,1=  be a training data set of L samples with their 
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corresponding class labels { }̀1,1 −∈iy    The hyper plane f (x) is defined by the normal 

vector d
Rw∈   and the Rb∈ , where wb /  is the difference between the origin and 

hyper plane, and w  norm from w. 

( ) bxwxf +⋅=                                                                                                                                           (4.32) 

Two hyper place support vectors 1±=+⋅ bxw  are parallel to OSH. The maximized 

margin takes us to the optimization problem as below:
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(4.33) 

Where the slack variables ξi -fix and regularization parameter C works with samples 

which are not able to separate and misclassified. When cases located on the other side 

of the hyper-fluxing then constant C is added. It regulates the type of the classification 

border and a high C value may cause the training data to be over-adjusted. The above 

linear SVM solution is expanded to include nonlinear separable cases utilizing so-called 

kernel approaches. Centered on a non-linear mapping of data to a broader Hilbert 

function, for example, an OSH may be equipped for a more complicated class 

distribution that cannot be divided into the original feature region. 

4.4.2 Score Level Fusion 

In multimodal biometric schemes, fusion utilizing matching scores is favored since they 

provide ample information to discriminate between real identifying- “genuine” and 

false identifying- “imposter”. The way to execute is also simple. 

Since we have a high number of biometric systems, it’s rather easy to obtain matching 

scores of users even without knowing the extract and match system in detail. We 

combine the scores generated by each modality and then fuse or combine them using 

the scoring fusion method. The biometric system generates score results as similarity 

score and distance score. This will then be converted to a genuine or fake result. 

Score-level fusion method gives better performance compared to decision-level fusion 

method. Expert opinion is taken into account and is part of the resulting match score. 

This is not done for the decision-level fusion method. It is never advantageous at the 

judgment stage to mix a professional with a beginner. The fusion system of scoring 

degree will use the knowledge and expertise in contrast of both experts. 

The following can be classified as score fusion techniques: 
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(a) The fusion based on classifier’s score (e.g., SVM) and 

(b) The Fusion based on density-score (e.g., ratio test with Gaussian Mixture 

Model). 

(c) The Fusion based on transformation-score (min- max, sum rule normalization 

combinations), 

4.4.2.1  Various Normalization Schemes 

Sum rules based and SVM-based fusion approaches may be used for normalization 

methods to increase accuracy. 

� Min–Max Normalization 

This approach normalizes the respective matching score in range of 0 and 1. The scaling 

factor is still utilized and the initial distribution of matching scores persists. If we take 

min(X) and max(X) respectively as min and max values, the normalized score is given 

by the following equation: 

( )
( ) ( )XX

Xx
x

minmax

min'

−

−
=

                                                                                             

(4.34) 

This method is not robust as outliers in the data affects the estimation results. Even with 

a single outlier, the data estimate focuses on the small and wrong range of values. 

� Z-Score Normalization 

By using the arithmetical mean and standard deviation of input data this approach 

normalizes ratings. The basic score includes a standard distribution with a mean of 0 

and a standard variance of 1. 

If medium(X) represents the standard deviation of X in arithmetic mean X and std(X) 

then the equation for z-score normalization is the following: 

( )
( )Xstd

Xmeanx
x

−
='                                                                                                          (4.35) 

 The original distribution of corresponding inputs is only limited by this approach to 

Gaussian distributions. This approach is often adaptive to outliers, as the arithmetic 

mean and standard variance are sensitive to outliers. 

� Tanh-Estimator Normalization 

The normalization of the Tanh estimator is based on Hampel estimates and seen in the 

following equation: 
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                                                                                         (4.36) 
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Several variants of above equations are present in the literature (4.30). 

The uniform spread of genuine scores is calculated by k, and k relies on the standard 

deviation of the initial distribution. S' in Eq. (4.30) provides an approximation of the 

real distribution of scores as shown by Hampel estimators. 

Influence function is used for Hampel estimators, using following equation:  
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 “                                                              (4.37)         

From Eq. (4.37), y represents the input variable and gives us genuine score after 

subtraction from genuine scores distribution median. Once output h(y) is generated, A 

median score for performance h (y) is applied and the effects for S's distribution are 

then calculated. The controlling feature decreases the outlier influence when the 

position and scale parameters are measured. This approach is also not susceptible to 

outliers and therefore considers stable. We have to choose between optimal results and 

robustness, as defined by parameters a, b, and c. 

� Reduction of High-Scores Effect (RHE) Normalization 

In addition to the scaling factor, the initial distribution of corresponding values is 

retained by this process. On the basis of the following findings the definition of this 

method: 

• Some kind of standardization often causes information quality to be lost 

relative to the original information. 

• Multimodal biometric systems have a limitation of generating lower genuine 

case score and also generating high value scores for fake identification. This 

happens due to multiple reasons. 

• Notice that the words “high" and “low" are applicable to a defined portion 

of the distribution, and do not reflect all the scores distributed here. 

4.4.2.2 Sum Rule-Based Fusion 

The sum fusion scoring fs is tested by using the following equation after production of 

a collection of normalized scores for individuals as seen in the following (x,y, ….xm),: 
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            mms xwxwf ++= L11                                                                            (4.38) 

Wi denotes individual’s weight to be matched, i value lies from 1 to ‘m’. Based on initial 

findings as well as equal weights, weight can be calculated in different ways.  Eq. (4.39) 

is later simplified as follows: 

ms xxf ++= L1                                                                                                                            (4.39) 

While taking a biometric decision fs is compared with the threshold value t. In the case 

of fs ≥ t a recipient shall be deemed registered. He is an attacker otherwise. 

4.4.2.3 Support Vector Machines (SVM)-Based Fusion 

SVM is primarily aimed at splitting the training data into different classes, split by a 

hyperplane that maximizes the margin. Many researchers have used SVM technique for 

classification task of a multimodal biometric authentication system. The SVM method 

has some reported issues dealing with the normalization of data. 

The two-class classification approach is very straight forward in its application for the 

multimodal biometric systems, represents a score vector xi = (xi1, y, xin) and its class 

(yi). Value of yi is 1genuine person or data and its value is -1 for an imposter or a fake. 

After training the SVM based system, we can take in the input data, test it against 

trained data and determine if the test subject is a genuine person or an impostor. 

4.4.2.4  Estimation-Based Fusion Method 

An approximate fusion process addresses the issue of calculating parameters. Kalman 

Filter, convenient filter and Kalman expanded filter approaches are used. These 

techniques are used mainly for the estimation and anticipation of the fused observation 

over time. These approaches are preferred to monitor the mission and object position. 

Kalman filter for linear model, expanded filter for nonlinear models appropriate for 

Kalman. In nonlinear and non-Gaussian structures, however, functional filter approach 

is robust. 

4.4.3 Match Score Level Fusion 

The system integrates the data belonging to iris, pupils and sclera region only. This 

method allows us to produce the matching score by using the training score as a 

reference. We incorporate these score values to check the authenticity of the individual 

identity. This method is preferred for multimodal biometric systems as the information 
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of matching scores contained in them is very rich and accurate, which helps in decision 

making of genuine and imposter test subjects. Comparison scores can easily be 

produced without an in detail knowledge of the extraction of features. 

Recent work validates that fusion of the score level appears realistic and probable to 

integrate the data collected from individuals. A biometric framework provides 

resemblance and distance ratings. The weighted average fusion rule is used for the 

fusion of the match score level. 

For a stronger identification outcome, a similar procedure is performed for any likely 

permutation of two iris units. When role extraction is isolated and the test data and 

training data for each subsystem are differentiated. The consequence of this score is 

linear or nonlinear. 

� Matching Score 

The Euclidian distance algorithm for the matching method is used to evaluate stored 

data against the test data. When function extraction has been segregated and the data 

stored for each subsystem is differentiated from the test data stored. The overall 

matching score is created by linear or non-linear weighting. 

For pixel comparison of pictures, Euclidian distance is used. The gap between pixels in 

a picture may be measured with distance metrics. Distance measures are used as error 

or expense functions to simplify the issues. For measurement of the straight-line width, 

the Euclidian distance is used. The Euclidean distance between the assessment of the 

outcomes and the evaluation of the training score is calculated here. Finally, if the 

distance measured is minimum than the threshold value, the data defined as recognized 

else result is not recognized. 

“
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                                                                               (4.40) 

Where, DE
~

  is the Euclidean distance measured between training and testing score.  

trainingS  is the score measure of training set, testingS   is the score measure of testing set. 

At last, the framework makes a decision as recognized or non- recognized by the 

matching score. 
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4.5 SUMMARY 

This chapter proposes a multimodal biometric system which is efficient, based on 

entropy-based clustering and support value based fusion matching. Both strategies tend 

to yield possible outcomes.  The areas of iris, sclera is segmented correctly using CNN 

based on entropy values. 

Support value-based fusion is performed on the basis of the extricated color texture and 

shape features. Then the matching score value is calculated with the minimum, 

maximum values of extracted features and support value. Matching score is at last 

determined to decide the data is recognized or Non-recognized. Finally, authentic 

person is predictable by computing a Euclidean distance of training and testing 

matching scores. 

In addition, the proposed application work contributes to the correct adaptation of 

verified persons using the multi-modal biometric method. The framework suggested 

uses a fusion at feature level by using characteristics of features that incorporates 

feature vectors at the representation level. The proposed multimodal biometric 

framework often outperforms compared to existing classification methods with 

respective evaluation parameters such as, PPV, NPV, FAR, FRR, F-medium, MCC, 

GAR, Sensitivity, specificity and accuracy. 
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CHAPTER 5 

 RESULTS AND DISCUSSION 

Today’s research in security application emphasis on biometrics where the individuals 

are identified accurately using biometric features in less cost and minimum duration. 

Iris recognition devices are the most diligent technique in multiple biometric 

applications. Research framework for eye biometric system is proposed where we 

analyzed how the input picture from the database is taken and pre-processed through 

bilateral filtering. Following the pre-processing, contour-based features such as, 

brightness, colour and texture are selected for the effective segmentation of iris sclera 

and pupil region for unconstrained eye images. Later entropy is calculated on the basis 

of the extracted contour-based features. 

Data residing in the image can be differentiated based on entropy values which helps 

to perform segmentation accurately using CNN to cluster data in sclera iris and pupil 

region effectively. This section details about the performance of the proposed sclera, 

iris, and pupil segments methodology for noisy eye images as well as the outcomes 

from a proposed multi-algorithm feature extraction and a supporting value-based level 

fusion as with comparison of existing methodology. 

5.1 SYSTEM CONFIGURATION 

The proposed efficient segmentation method for the iris, sclera and pupil regions is 

implemented using entropy-dependent CNN clustering is extended to the MATLAB 

work system. The experimental findings for the proposed procedure are discussed in 

this portion. The MMU, UBIRIS.v2, and a few mobile Eye images from the database 

MICHE are freely available for irises, sclera and pupil image evaluation of the Eye area. 

5.2 DATASET DESCRIPTION 

MMU Database 

Multimedia University in Malaysia developed an MMU Iris dataset. This data 

collection contains 450 images from 45 individuals (5 images for left and right eye 

respectively). Both pictures have been captured from the distance 7-25cm by using a 

special semi-automatic camera (LG Iris Access). To assess the performance of 
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segmentation and verification, 70 % images for training and 30% are used for test from 

the database. 

UBIRIS. v2 Database 

University of Beira, Portugal, produced an UBIRIS.v2 iris dataset. The data collection 

is comprised of images from Canon EOS 5D camera collected in non-ideal and 

unconstrained situations under observable wavelength from a span of a few meters (15 

images for left and right iris respectively). We randomly pick 5799 images and use 1740 

images to assess the efficiency of the proposed segmentation and verification process. 

for our research work. 

MICHE Database 

Total 3,732 images from 92 subjects were collected using iPhone 5(1536x2048) and 

Samsung Galaxy S4 cell phones in the Iris Challenges Assessment (MICHE) database 

(2322x4128). The variation in the unit influences the overall product collection output 

least. We randomly choose 100 images for experimentation. 

5.3 PERFORMANCE ANALYSIS 

The performance of our proposed research work is measured using the statistical   

evaluation parameters such as accuracy, sensitivity, specificity, positive predictive 

value (PPV), false negative rate (FNR) and false detection rate (FDR) based on where 

true positive (TP’), true negative (TN’), False negative (FN’) and False Positive (FP’) 

as descried in this section 

� Accuracy 

This measure amount of true outcomes in a total outputs. If a data classified as either 

true positive or true negative which is calculated as (5.1). 

“ )PFNFPTNT

)PTN(T
Accuracy 

′+′+′+′

′+′
=

 “                                                                    (5.1) 

� Sensitivity 

Sensitivity is the amount of true positive items that a classification test will recognize 

viable. It illustrates how great the evaluation is as the data is categorized. Sensitivity is 

measured using condition (5.2). 

“ )NFP/(TPTy Sensitivit ′+′′= ”                                                (5.2) 

� Specificity 
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The quantity of the true negatives identified successfully by the classification test. It 

indicates how good a test is when typical test is categorizing data. The specificity of the 

situation is determined using (5.3). 

“ )PFN/(TNTy Specificit ′+′′= ”                                                           (5.3) 

� False Discovery Rate  

The False Discovery Rate is represented in the entire hypothesis as the predicted 

proportion of false positives rejected. By using the condition, the false discovery rate is 

calculated by (5.4). 

              “ PTPF

PF
FDR

′+′

′
=

 “                                                                                   (5.4) 

� False Negative Rate 

False negative rate gives the magnitude of the positive finding, which resulted in the 

negative test results, i.e. the situation under which a negative test result is available. By 

using the condition false negative rate is determined (5.5). 

          “ PTNF
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′+′
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=

”                                                                                        (5.5) 

� Positive Predictive Value 

A positive predictive value (PPV) is likely to provide reliable details about the data 

classification with the correct test results. Positive predictive appreciation is generally 

articulated (5.6). 

       PFPT

PT
PPV

′+′

′
=

                                                                                              (5.6) 

5.4 PROPOSED EFFICIENT IRIS, SCLERA AND PUPIL ENTROPY BASED 

CLUSTERING SEGMENTATION USING CONVOLUTIONAL NEURAL 

NETWORK 

This study focuses on multimodal biometric framework utilizing Support value based 

fusion matching process to enhance biometric authentication. Segmentation primarily 

performed using entropy-based CNN to separate iris, pupil and sclera from the input 

images. Efficient characteristics including colour histogram, Log Gabor, and Sclera Y 

shape are to be extricated from the segmented areas of iris, pupils and sclera’s. 

Feature level fusion is carried out based on extracted biometric features to calculate 

support value.  Afterwards matching score is calculated using the minimum, maximum 

values of extracted features and support value. Finally, authentic person is predictable 
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by computing a Euclidean distance of training and testing matching scores. The 

following section details the performance and results of proposed efficient multimodal 

eye biometric system based on entropy based clustering followed by support value 

based fusion matching. 

MATLAB is used as working platform to implement and check performance of the 

proposed successful multimodal biometric architecture. The experimentation results for 

the proposed approach are given in this section. The NIR images from MMU database, 

noisy colour images from UBIRIS.v2 database and mobile images from MICHE 

database are utilized for the data recognition in biometric framework. The configuration 

of databases is given in table 5.1. 

Table 5.1: UBIRIS.v2, MMU and MICHE database configurations 

Database 

Constrained 

Image 

Database  

Unconstrained image 

Database  

MMU UBIRIS.v2 
MICHE 

Total number of 

images 
450 5799 100 

Dimensions 
320 X 240 

(in pixels) 

400 X 300   

(in pixels) 

1536x2048  

and 

2322x4128  

(in pixels) 

Training images 70% 70% 72 

Testing images 30% 30% 28 

 

The MMU database is established by the Multimedia University study group in 

Malaysia. The photographs taken from the MMU database are seen in Figure 5.1. 

sample input images, Figure 5.2 represent enhanced images, Figure 5.3(a) presets the 

pre-processed images; Figure 5.3(b) is the contour images; Figure5.3(c) is the entropy 

images; Figure 5.3 (d) is the pupil segmented region, figure 5.3 (e) is the segmented iris 

region, figure 5.3 (f) is the segmented sclera region. 
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Figure 5.1: Sample MMU database input images  

    

Figure 5.2: Enhanced images 

    

    

    

    

(a) (b) (c) (d) (e) (f) 

Figure 5.3: For input MMU database (a) Pre-processed images, (b) contour images, (c) 

entropy images, (d) segmented pupil, (e) segmented iris and (f) segmented sclera region 

The reason to construct the UBIRIS.v2 database is to provide a mechanism to evaluate 

the iris recognition under not so ideal and optimal circumstances for imaging. The 

sample input images from the UBIRIS.v2 database are shown in figure 5.4, and 

respective enhanced images are shown in Figure 5.5. The figure 5.5 (a) are the pre-

processed images, figure 5.6 (b) is the contour images, figure 5.6 (c) is the entropy 

images, figure 5.6 (d) is the segmented pupil region, figure 5.6 (e) is the segmented iris 

region, figure 5.6 (f) is the segmented sclera region. 
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Figure 5.4: Sample UBIRIS.v2 input images  

    

Figure 5.5: Enhanced images 

    

    

    

    

(a) (b) (c) (d) (e) (f) 

Figure 5.6: For input UBIRIS.v2 database (a) Pre-processed images, (b) contour 

images, (c) entropy images, (d) segmented pupil, (e) segmented iris and (f) segmented 

sclera region 
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Figure 5.7: Iris, pupil and sclera segmentation regions in MMU study for sample input 

images 
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Figure 5.8: Iris, pupil and sclera segmentation regions from UBIRIS.v2 database for 

sample input images 

Figure 5.7 demonstrate the segmentation iris, sclera and pupil perform for input images 

selected from ideal and constrained eye image dataset: MMU. Figure 5.8 demonstrate 

the segmentation iris, sclera and pupil perform for input images selected from non ideal 

and unconstrained color eye image dataset: UBIRIS.v2.  

To carry out the performance evaluation of proposed segmentation algorithm for the 

noisy, unconstrained visible wavelength mobile eye images, experimentation was 

performed on MICHE database images. The figure 5.9 exhibits the test input images 

taken from the MICHE database. Figure 5.10 exhibits the enhanced images and the pre-

processed images, Figure 5.11 shows contour representations and segmentation of 

entropy images of iris, pupil and sclera regions. 
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Figure 5.9: Sample input MICHE database images 

   

Figure 5.10: Enhanced images 

    

    

    

(a) (b) (c) (d) (e) (f) 

Figure 5.11: For input MICHE database (a) Image pre - processed, (b) counter 

images, (c) entropy images, (d) segmented pupil, (e) segmented iris and (f) segmented 

sclera region 

5.4.1 Iris Segmentation 

Proposed entropy based CNN algorithm used for separation of iris, sclera and pupil 

region is compared with existing adaptive neuro-fuzzy inference (ANFIS) and K-

nearest neighbor (KNN).  

Table 5.2: Performance analysis of existing ANFIS and KNN segmentation methods 

with proposed iris segmentation method 

Database Methods Accuracy Sensitivity Specificity PPV FNR FDR 

 

MMU 

Proposed 97.145 % 99.694 % 11.130% 97.426% 0.305% 2.573% 

ANFIS 96.306 % 99.761 % 10.081% 96.514% 0.238% 3.485% 

KNN 95.931% 99.798% 9.880% 96.100% 0.201% 3.899% 
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UBIRIS. 

v2 

Proposed 97.996% 98.101% 54.171% 99.837% 1.898% 0.162% 

ANFIS 93.203% 97.295% 29.977% 95.550% 2.704% 4.449% 

KNN 95.634% 95.640% 33.333% 96.993% 4.359% 1.006% 

 

           (a)                                                                    (b) 

Figure 5.12: Graph for the comparison of the accuracy, sensitivity and PPV results for 

segmentation of iris in (a) MMU database (b) UBIRIS.v2 

 

(a) (b) 

Figure 5.13: Graph for the comparison of Specificity, FNR and FDR results for 

segmentation of iris in (a) MMU database (b) UBIRIS.v2 database 

From table 5.2, figure 5.12 and figure 5.13, it is observed that accuracy, sensitivity, 

specificity and PPV are increased whereas FNR and FDR is reduced. This shows that 

proposed E-CNN based segmentation improves the results for iris segmentation by 

reducing error rate for both MMU and UBIRIS.v2 database. 
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5.4.2 Sclera Segmentation 

The results for proposed sclera segmentation method are seen in table 5.3, which can 

be contrasted with current ANFIS and KNN for various deployment behavior. 

Table5.3: Comparison analysis of proposed sclera technique in terms of different 

performance measures 

Database Methods Accuracy Sensitivity Specificity PPV FNR FDR 

 

MMU 

Proposed 95.538% 99.210% 7.504% 96.257% 0.789% 3.742% 

ANFIS 96.640% 99.125% 7.652% 97.464% 0.874% 2.535% 

KNN 95.344% 99.183% 6.652% 96.085% 0.816% 3.914% 

 

UBIRIS.v2 

Proposed 98.080% 99.663% 18.571% 98.377% 0.336% 1.622% 

ANFIS 88.002% 96.588% 5.119% 89.052% 1.411% 10.947% 

KNN 82.363% 98.486% 7.583% 82.460% 0.513% 17.539% 

 

(a) (b) 

Figure 5.14: Graph for the comparison of the accuracy, sensitivity and PPV results for 

segmentation of sclera in (a) MMU database (b) UBIRIS.v2 
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(a) (b) 

Figure 5.15: Graph for the comparison of Specificity, FNR and FDR results for 

segmentation of sclera in (a) MMU database (b)UBIRIS.v2 database 

From table 5.3, figure 5.14 and figure 5.15, it is observed that accuracy, sensitivity, 

specificity and PPV are increased whereas FNR and FDR is reduced. This shows that 

proposed E-CNN based segmentation provides better results for sclera segmentation by 

reducing error rate for both MMU and UBIRIS.v2 database. 

5.4.3 Pupil Segmentation 

The chart for references to current ANFIS and KNN with various implementation steps 

for the new pupil segmentation is seen in Table 5.4. 

Table 5.4: Comparison analysis of proposed pupil segmentation method in terms of 

different performance measures 

Database Methods Accuracy Sensitivity Specificity PPV FNR FDR 

 

MMU 

Proposed 98.275% 99.957% 7.363% 98.314% 0.042% 1.685% 

ANFIS 95.942% 99.974% 3.605% 95.960% 0.0259% 4.039% 

KNN 97.947% 99.968% 6.676% 97.974% 0.0317% 2.025% 

 

UBIRIS.v2 

Proposed 99.423% 99.495% 33.913% 99.926% 0.504% 0.073% 

ANFIS 97.821% 96.728% 18.887% 98.072% 0.871% 1.927% 

KNN 91.389% 97.899% 6.779% 91.420% 0.700% 8.579% 
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(a) (b) 

Figure 5.16: Pupil segmentation reference graph with precision, sensibility and PPV 

for (a) UBIRIS.v2 database (b) MMU 

(a) (b) 

Figure 5.17: Comparison graph for pupil segmentation in terms of specificity, FNR 

and FDR for (a) MMU database (b) UBIRIS.v2 database 

The numbers listed in tables 5.2, 5.3 and 5.4 indicate that our proposed CNN approach 

is far more effective for iris, sclera and pupil segmentation than the current ANFIS and 

KNN techniques. The parameters of resemblance, sensitivity, specificity, FNR, FPR 

and PPV are included in this relation. Figures 5.12, 5.13, 5.14, 5.15, 5.16 and 5.17 

demonstrate the graph of contrast of the respective sections of iris, sclera and pupil in 

precision, sensitivity, PPV, specificity, FRN and FDR. In the above tables and 
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comparison maps, our proposed approach provides much better results for the above 

listed parameters for the segmentation of iris, sclera and the pupil. 

 

5.5 PROPOSED MULTI-ALGORITHMIC FEATURE EXTRACTION 

METHOD FOR SEGMENTED IRIS, SCLERA AND PUPIL REGION 

In eye biometric system color, texture and shape are the prominent and reliable features 

for iris, sclera and pupil which can be used generate the feature vector for correct 

authentication. In proposed system we extract the color and texture information from 

segmented iris and pupil region which is combined with the Y- shaped features 

extracted from sclera. Color histograms are very simple methods used to compare 

images. For a less number of images, it still provides best efficiency. Color histograms 

display improved outcomes for the sample MMU, UBIRIS.v2, and MICHE databases 

as seen in figures 5.18. Figure 5.20 and 5.22. The Gabor filter is used to strip the texture 

characteristics from the iris region and pupil area, with the unchangeable pattern of the 

blood venous shapes Y-forms, which are used for authentication of a biometric device. 

For the sample images of MMU, UBIRIS.v2 and MICHE databases, a Y-shape sclera 

features are created as shown in figures 5.19, 5.21 and 5.23. 

  
(a) (b) 

 

Figure 5.18: Colour histogram graph for (a) iris region (b) pupil region of MMU 

database image 

     

Figure 5.19: Sclera edge map images for MMU database images 
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(a) (b) 

Figure 5.20: Colour histogram graph for (a) iris region (b) pupil region of UBIRIS.v2 

database image 

Figure 5.21: Sclera edge map images for UBIRIS.v2 images 

  

(a) (b) 

Figure 5.22: Colour histogram graph for (a) iris region (b) pupil region of MICHE 

database image 

 

 

 

Figure 5.23: Sclera edge map images for MICHE database images 
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From above results, it has been observed that colour features in iris and pupil as well as 

sclera feature map for MMU database images are less prominent as compared to 

available respective feature map for UBIRIS.v2 database. This shows that the proposed 

feature algorithm improves the efficiency of feature extraction for colour eye images. 

5.5.1 Comparison of Entropy Feature Values with Segmentation Classification 

Accuracy 

In this section, the research focuses on entropy as a feature value. As we can see, ten 

images are randomly selected, and each image is processed for a different user. The 

implementation result shows the entropy feature values for the proposed method where 

entropy feature values are calculated for input counter images representing colour, 

brightness and texture features. The tables below indicate that the accuracy of 

classification for proposed CNN iris, sclera and pupil segmentation depends on entropy 

characteristic values. 

Table 5.5: Entropy values for MMU database images 

Labelled images Entropy value 
Classification 

Accuracy (%) 

 

 

10.84560658 88.74 

 

12.91781241 100 

 

13.18990281 100 

 

13.36857564 94 

 

13.72492633 98.3 

 

13.84040755 100 

 

13.87388653 100 

 

11.03423424 92.4 

 

11.3308829 100 

 

11.4825514 95.9 
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Entropy is a measure of information content available in image. It is used to classify 

the image based on texture in image processing. Minimum entropy values represents 

the low variance in a texture for NIR images. Therefore from table 5.5, result shows 

that classification accuracy is high for high entropy values as compared to classification 

accuracy for low entropy values. 

Table 5.6.: Entropy values for UBIRIS.v2 Database images 

Labelled images Entropy value 
Classification accuracy 

(%) 

 

10.84951952 94.3 

 

12.00494672 100 

 

14.08889121 100 

 

14.22193309 100 

 

13.4799699 100 

 

13.41671058 100 

 

13.56116364 100 

 

11.16364744 99 

 

10.93134463 98.64 

 

11.32630209 100 
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Table 5.7: Entropy values for MICHE Database images 

Labelled images Entropy value 
Classification accuracy 

(%) 

 

 

12.61676788 84.63 

 

12.76722994 87.30 

 

13.21472949 92 

 

13.46816641 89.41 

 

13.84159043 95.32 

 

13.71539549 98.7 

 

11.6021496 76.81 

 

11.40044332 85.003 

 

12.01771534 92.01 

 

11.95272492 84.59 

Tables 5.5, table 5.6 and table 5.7 shows the entropy values and CNN classification 

accuracy for MMU, UBIRIS and MICHE database images respectively. From these 

tables we can observe that as the entropy value goes higher, the CNN classification 

accuracy improves and moves towards 100%. We are able to achieve classification 

accuracy up to 100% for image entropy values, greater than 13. 

If we compare the images from MMU database and UBIRIS database, we can observe 

that the entropy value for grey images is less as compared to entropy values for colour 
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images. This happens due to availability of less number of colour and texture feature in 

greyscale input eye images because we estimated entropy values. 

5.5.2 Comparison of Sclera Y-Shaped Feature Vectors with Classification and 

Recognition Accuracy 

Table 5.8, Table 5.9 and Table 5.10 represents the results for color histogram feature 

vector values describing color features for iris (Himax) and Pupil (Hpmax), Log Gabor 

feature values describing texture features for iris(Gimax) and Pupil (Gpmax) and Y-

shaped sclera feature count.  It also shows that how the support value generated by 

feature level fusion of these features affects the performance of recognition accuracy. 

 

Table 5.8: Comparison of Colour, Texture and Y-shaped Feature vectors values with 

classification and recognition accuracy for MMU database images 

Labelled 

images 

Feature values 
Support 

value 

Classification 

Accuracy 

(%) 

Recognition 

Accuracy 

(%) 

Iris Pupil sclera 

Y-

count 
Himax Gimax Hpmax Gpmax 

 

64464 2.95E-14 65264 2.63E-14 20 1.45E+24 88.74 89 

 

64161 3.00E-14 65341 2.34E-14 67 1.74E+23 100 100 

 

64146 1.91E-14 65120 3.15E-14 127 2.12E+22 100 100 

 

63827 2.46E-14 65087 2.80E-14 230 3.75E+22 94 94 

 

64040 2.28E-14 63912 3.50E-14 253 5.49E+23 98.3 97.6 

 

64096 2.76E-14 61656 2.71E-14 271 4.17E+22 100 100 

 

63883 2.66E-14 62769 3.27E-14 358 6.70E+21 100 100 

 

64140 2.80E-14 65450 2.94E-14 60 2.62E+23 92.4 91.7 
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Table 5.9: Comparison of Colour, Texture and Y-shaped Feature vectors values with 

classification and recognition accuracy for UBIRIS.v2 database images 

 

64160 3.24E-14 65358 3.39E-14 87 3.02E+22 100 100 

 

64501 2.54E-14 65466 2.31E-14 97 3.61E+22 95.9 96.1 

Labelled 

images 

Feature values 

Support 

value 

Classification 

Accuracy 

(%) 

Recognition 

Accuracy 

(%) 

Iris Pupil sclera 

Y- 

count Himax Gimax Hpmax Gpmax 

 

65244 2.53E-14 63621 2.58E-14 75 1.90E+23 94.33 97.6 

 

64884 2.40E-14 59448 3.41E-14 165 1.75E+23 100 100 

 

64900 2.33E-14 58528 4.16E-14 237 2.02E+22 100 100 

 

64981 2.13E-14 58502 4.30E-14 310 1.60E+23 100 100 

 

64706 2.30E-14 55567 2.70E-14 314 2.19E+23 100 100 

 

63859 2.52E-14 56732 3.07E-14 425 3.46E+22 100 100 

 

64245 3.27E-14 56682 3.78E-14 428 1.41E+22 100 100 

 

65198 2.74E-14 63567 3.31E-14 111 3.42E+22 99 99 

 

65257 2.38E-14 63139 2.90E-14 116 7.33E+22 98.64 99.2 
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Table 5.10: Comparison of Colour, Texture and Y-shaped Feature vectors values with 

classification and recognition accuracy for MICHE database images 

Labelled 

image 

Feature values 

Support 

value 

Classification 

Accuracy 

(%) 

Recognition 

Accuracy 

(%) 

Iris Pupil Sclera 

Y 

count Himax Gimax Hpmax Gpmax 

 

62974 2.91E-14 65354 2.68E-14 199 4.15E+22 84.63 85.1 

 

62923 3.40E-14 63173 4.12E-14 219 1.66E+22 87.30 88 

 

62621 2.60E-14 64613 3.41E-14 339 6.37E+22 92 94.72 

 

63137 4.14E-14 61281 4.83E-14 438 4.31E+22 89.41 83.06 

 

64601 3.22E-14 61011 3.76E-14 568 2.16E+22 95.32 94.86 

 

62693 3.33E-14 61589 4.09E-14 439 2.60E+23 98.7 100 

 

64813 2.24E-14 65448 3.01E-14 103 3.18E+23 76.81 62 

 

65228 2.71E-14 64710 2.96E-14 137 1.75E+23 85.003 91.49 

 

65527 2.21E-14 65496 2.26E-14 197 3.61E+23 92.01 95.31 

 

65524 2.28E-14 65263 2.86E-14 194 2.72E+24 84.59 79.20 

 

From Table 5.8, Table 5.9 and Table 5.10, we can say that better maximum values for 

colour histogram, Gabor filters and Y-shaped sclera feature count provide the good 

results. As shown in above tables, Y-Shaped sclera count increases the classification 

and recognition accuracy. It is also observed that Y-shaped sclera feature count is less 

for MMU database and noisy eye images and as compared to UBIRIS, MICHE database 

and less constrained images. Because it is difficult to extract features from grey images 

due to white background as well as most off- angle unconstrained eye images. 
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5.6 PERFORMANCE ANALYSIS 

The performance of the proposed authentication method utilizing support value based 

fusion matching process is differentiated with respect to the existing ANFIS and KNN 

classification techniques based on parameters like Precise, responsive, precise, with 

true positive, false, true negative and wrong negative results, PPV, NPV, FAR, FRR, 

F-Measure, MCC and GAR. The precision of the proposed approach is higher and better 

than that of the current ANFIS and KNN methods can be found from Tables 5.9 and 

Table 5.10. The suggested approach is often used for higher and improved sensitivity, 

accuracy and PPV values. This reveals that the algorithm is better than the previous 

algorithms, which are used to identify noisy colour eye pictures with iris, scleral and 

pupil. The low FNR suggests that the proposed shape is preferable in the description of 

the iris, sclera and pupil areas. 

5.6.1 An Efficient Multimodal Biometric System Based on Entropy Based 

Clustering and Support Value Based Fusion Matching 

By combining iris, sclera and pupil properties, the proposed bio-modal eye approach 

promises more detailed performance. It uses CNN based on entropy values which are 

based on the texture, colour and brightness of contour extracted from visual picture. 

This feature stems from the colour histogram, Gabor filter, and the Y-shaped sclera. 

Feature level Fusion is carried out to combine all derived features, thereby increasing 

recognition precision effects by reducing error rates. 

Efficiency of multimodal eye biometric system is identified by means of accuracy, 

sensitivity and specificity based on user identify correctly or incorrectly in biometric 

recognition. Result for eye biometric recognition is measured using evaluation 

parameters true positive (TP’), true negative (TN’), false positive (FP’) and false 

negative (FN’). 

Sensitivity is defined by true positive rate (eq.5.2) to measure the ratio of number of  

samples are  correctly identified to the number of input images used for testing in 

percentage(%). Specificity is defined by true negative rate (eq.5.3) to measure ratio of 

samples correctly identified which are not from testing image dataset. Accuracy is 

measured in terms of true positive and true negative values (eq.5.1 ) for all evaluated 

cases to differentiate person identified corrected or incorrectly.  Result for accuracy and 

sensitivity for support value based multimodal eye biometric system is higher than the 
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existing methods. Positive predictive value (PPV) and negative predictive value (NPV) 

are used to represent TP’ and TN’ values to describe performance of biometric 

authentication. High values for PPV predict good accuracy results. False acceptance 

rate (FAR) is percentage of results showing unauthorized user acceptance incorrectly 

whereas false rejection ratio is percentage of rejection results for legitimate user. F-

measure and Matthews’s correlation coefficient (MCC) are evaluation parameter 

showing results for binary classification based on true positive, negative and false 

values. Genuine acceptance rate (GAR) is ratio of number of authorised users correctly 

identified to the total number of input samples. 

Table 5.11: Comparison review of the proposed approach with various MMU 

database performance measures 

Methods 
Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

PPV 

(%) 

NPV 

(%) 

FAR 

(%) 

FRR 

(%) 

F-

measure 

(%) 

MCC 

(%) 

GAR 

(%) 

Proposed 93.33  98.21 85.29 96.6 14.7 85.8 98.2 91.6 1.7 94.8 

CNN 90 96.36 80 93.3 20 78.9 96.3 88.3 3.6 92.1 

SVM 88.88 96.29 77.77 93.3 22.2 76.9 96.2 86.6 3.7 91.2 

 

Table 5.12: Comparison review of the proposed method for UBIRIS.v2 database with 

respect to different performance measures 

Methods 
Accuracy 

(%) 

Sensitivity 

(%) 

Specificity

(%) 

PPV 

(%) 

NPV 

(%) 

FAR 

(%) 

FRR 

(%) 

F-

measure 

(%) 

MCC 

(%) 

GAR 

(%) 

Proposed 97.01 98.64 92.30 97.33 96 7.69 1.35 97.98 92.13 98.64 

CNN 93.5 94.77 89.36 96.66 84 10.63 5.22 95.70 82.38 94.77 

SVM 92.5 95.30 84.31 94.66 86 15.68 4.69 94.98 80.13 95.30 

 

Table 5.13: The proposed method comparison analysis for the different MICHE 

database output measurements 

Method 
Accuracy 

(%) 

Sensitivity 

(%) 

Specificity 

(%) 

F-measure 

(%) 

PPV 

(%) 

FAR 

(%) 

FRR 

(%) 

Proposed 88 91.66 84.61 84.61 91.66 76.28 91.66 

CNN 84 84.61 83.33 84.61 83.33 67.94 84.61 

SVM 80 78.57 81.81 84.61 75 60.0 78.6 
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Table 5.11, table 5.12 and table 5.13 portrays that our proposed authentication utilizing 

support value based matching process is widely enhanced than the existing approaches 

called CNN and SVM dependent on various execution measures. 

The comparison graph of the proposed research method with existing as far as accuracy, 

sensitivity, specificity and F-measure is showed up in figure 5.19. 

  

(a) (b) 

 

(c) 

Figure 5.24: Comparison graph in terms of accuracy, sensitivity, specificity and F-

measure for (a) UBIRIS.v2 database (b) MMU database (c) MICHE database 

In figure 5.24, the implementation result represents that our proposed support value 

based authentication process outcomes are superior to the conventional CNN and SVM 

methodologies. Moreover, the comparison graph of proposed support value based 

authentication process with existing in terms of PPV, NPV and MCC is displayed in 

figure 5.25. 
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(a) (b) 

 
( c) 

Figure 5.25: Comparison graph in terms of PPV, NPV and MCC for (a) UBIRIS.v2 

database (b) MMU database (c) MICHE database 

In figure 5.25, the comparison result illustrates that our proposed support value based 

authentication process results are better than the conventional CNN and SVM 

approaches. Furthermore, the comparison graph of proposed support value based 

authentication process with existing in terms of GAR is displayed in figure 5.26 

 
(a) (b) 
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( c) 

Figure 5.26: Comparison graph in terms of GAR for (a) UBIRIS.v2 database 

(b)MMU database (c) MICHE database 

In figure 5.26, the comparison result illustrates that our proposed support value-based 

authentication process results are better than the conventional CNN and SVM 

approaches. Furthermore, the comparison graph of proposed support value-based 

authentication process with existing in terms of FAR is a displayed in figure 5.27. 

 

(a)      (b) 

 

(c) 

Figure 5.27: Comparison graph in terms of FAR for (a) UBIRIS.v2 database (b) 

MMU database (c) MICHE database 
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In figure 5.27, the comparison result illustrates that our proposed support value-based 

authentication process results are better than the conventional CNN and SVM 

approaches. Moreover, the comparison graph of proposed support value-based 

authentication process with existing in terms of FAR is displayed in figure 5.28. 

 
(a)                                                        (b) 

 

(c) 

Figure 5.28: Comparison graph in terms of FRR for (a) MMU database (b)UBIRIS.v2 

database and (c) MICHE database 

In figure 5.28, the comparison result illustrates that our proposed support value-based 

authentication process results are better than the conventional CNN and SVM 

approaches. Besides, the examination graph of proposed support value-based 

authentication process with the existing works such as Mixed Convolutional and 

Residual Network (Mi Co Re-Net), CNN, SVM and K-nearest neighbour (K-NN) in 

terms of accuracy is depicted in figure 5.29. 



120 

 
Figure 5.29: Comparison graph of proposed work with existing works in terms of 

accuracy 

In figure 5.29, the comparison result delineates that our proposed support value-based 

fusion authentication process accuracy is better than the existing MiCoRe-Net, CNN, 

SVM and K-NN methodologies. The performance comparison in terms of classification 

accuracy with various techniques [92] is mentioned in table 5.14. 

Table 5.14: Performance comparisons in terms of classification accuracy with 

different methods 

Approach Classification accuracy (%) 

KNN 85.78 

SVM 71.10 

Mi Co Re-Net 93.58 

CNN 91.74 

Proposed Method 97.01 

 

The table 5.14 displays the performance comparison of existing methodologies with the 

proposed technique. The proposed methodology performs much superior than the 

classifiers of the traditional methods. ROC is a probability curve and it represents the 

model fitness for recognizing classes. The ROC curve is drawn against the false 

positives (FP), with TP on the y axis and FP on the x-axis. The assessment graph of 

proposed support value based authentication process with the existing works in terms 

of ROC is displayed in figure 5.30. 
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Figure 5.30: Comparison with the new CNN-SVM and CNN- PAIRWISE proposed 

ROC curves 

For UBIRIS.v2 photos, figure 5.30 shows the ROC curves that express the efficiency 

of biometric recognition. The curves are characteristic of the average output of the input 

picture and it show that the proposed approach is consistently outperforming the current 

CNN-SVM and CNN-pairwise strategy [93]. The segmentation accuracy efficiency 

compared with different techniques [94] is listed in table 5.15. 

Table 5.15: Performance comparisons in terms of segmentation accuracy with 

different methods 

Approach Segmentation Accuracy (%) 

Daugman's segmentation 58.92 

Otsu multilevel thresholding 96.18 

Masek's segmentation 91.38 

Shah and Ross (GACs) 92.83 

FCDNN 97.84 

Proposed E-CNN 97.742  

 

The table 5.15 displays the performance comparison of existing methodologies with the 

proposed technique, based on accuracy as a parameter. The proposed methodology is 

much more accurate when compared to the traditional segmentation methods. The 

performance comparison in terms of compute time required for segmentation process 

for various techniques [95] is mentioned in table 5.16. As we can observe, the proposed 

method requires the minimum amount of compute time compared to other traditional 

methods. 
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Table 5.16: Performance comparisons in terms of average computation times (in 

seconds) with different segmentation methods 

Approach Computation Time (Seconds) 

Fast iris segmentation algorithm 1.09 

Balloon active contour 2.2 

Geodesic active contours 6.2 

 Active contour and Hough Transform 5.8 

Proposed Method 0.9 

 

A contrast of current methodologies with the methodology suggested is seen in Table 

5.16. Contour includes a sub-set function set that aims to minimise computational 

difficulty and, consequently, lower processing cost. The computing time of the current 

technique is much lower than standard segmentation approaches. 

5.6.2 Comparison of Proposed Multimodal Biometric System Based with State 

of the Art Technology 

A comparison with an already developed multimodal eye biometric framework for 

effects of the proposed technique is listed in table 5.17 where iris and sclera functions 

are merged. 

Table 5.17 reveals that much of the method in use is based on confined, ideal and NIR 

photos, where fusion of biometric characteristics suits the scoring standard. For 

unregulated eye images in visible wavelengths, we have established a feature-level 

support fusion for iris, sclera, and pupil features that provide improved precision and 

other measurement efficiency. 

Table 5.17: Performance analysis for efficient multimodal eye biometric recognition 

system with existing system 

Year Author Modality 

Fusion 

Fusion Technique Database Result (EER %) 

2012 Gottemukkula et 

al. [66] 

 

Iris and sclera 

 

Weighted score 

fusion 

 

In House 

(Constrained  

Images) 

2.39% 

2013 Zhou et al. [96] 

 

 

Iris and sclera 

 

Score level fusion  UBIRIS.v1 2.73%  - 3.06% 

 

 2013 Zhou et al. [98]  

 

Iris and sclera 

 

Score level fusion IUPUI green-

wavelength database 

0.63% 
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5.7 SUMMARY 

In this chapter we present the result of an effective multimodal biometric system using 

Support value based matching process. Here, at first the iris, sclera regions are 

adequately segmented utilizing entropy-based clustering. Results for Iris, sclera and 

Pupil segmentation are compared with existing methodology. Comparison of research 

methodology for segmentation shows that perforce for entropy-based clustering using 

CNN improve the segmentation accuracy as well as it also reduces time required for 

segmentation. The efficient characteristics are then extracted for all parts of the iris, 

2014 Jibu Varghese 

K. et.al. [101] 

Iris and Sclera No Fusion 

Simultaneous 

recognition  

In House database 

only high quality 

images used 

Accuracy -99.4% 

2014 C. Immaculate 

Mary [102] 

Iris and sclera 

 

Inter-Fusion using 

Laplace Transform 

Quality—Face/Iris 

Research Ensemble 

(Q-FIRE (NIR 

Images) 

 

Accuracy=85% 

2017 Nassima Kihal 

et. Al [104] 

Iris and corneal 

shape 

Match score In-house 

(Constrained Images) 

 EER = 0.18% 

 and FRR = 0.18% 

2017 Abhijit Das et. 

al. [58] 

Iris, sclera and 

periocular 

Decision level Multi angle sclera 

database(MASD) 

Iris + sclera=> 

Accuracy=91.78 

Iris + sclera+ 

periocular=> 

Accuracy=96.53% 

2018 Alaa S.  

Al‑Waisy et. al. 

[109] 

Left iris and 

right iris 

Rank level fusion CASIA Iris- V3 and 

IITD database 

Accuracy up to 99% 

2019 Saiyed Umer et. 

al. [110] 

Iris and 

Periocular 

Score level fusion 

after CNN 

classification 

MMU1, UPOL, 

CASIA-Iris-distance, 

and UBIRIS.v2. 

Correct  

recognition rate  

is up to 99% 

2020 Deepak Jain, 

Xiangyuan Lan, 

Ramachandran 

Manikandan 

[111] 

Iris and Sclera Score le Mutual 

Exclusive Bayesian 

fusion  

CASIA True Positive Rate for  

Phase Intensive Mutual 

Exclusive Distribution  

(PI-MED) is up to 

93.33% 

2021 Chia-Wei 

Chuang and 

Chih-Peng Fan 

[112] 

Iris and Sclera Deep learning 

based YOLOv2 

Model 

In house Database 

for Visible 

Wavelength 

Accuracy Up to 99% 

(mAP) 

2021 Mahmut 

Karakaya 

[113] 

Iris, ocular, 

periocular 

Information Fusion 

using CNN 

In house dataset 

(Unconstrained NIR 

images) 

EER for 

 frontal images=8.25% 

off angle images  

is 0.04% to 0.4% 

-- M.K.Pathak 

et.al. 

Iris, sclera 

and  pupil 

Feature level 

fusion 

MMU and 

UBIRIS.v2 

Accuracy for       

 MMU =93.33% 

UBIRIS.v2=97.01% 

MICHE= 88% 
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sclera, pupils and the help benefit are estimated based on the extracted properties. The 

matching score is eventually calculated to assess if the data is understood or not 

correctly recognized. 

Modal and functional biometrical framework merge representational feature vectors 

that effectively have higher dimensional points in comparing matching score. The 

exploratory findings indicate that the current classification methods in terms of 

accuracy, sensibility, specificity, PCV, NPV, FAR, FRR, F-measure are outperformed 

by our proposed multimodal biometric system. 
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CHAPTER 6 

CONCLUSIONS AND FUTURE WORK 

This chapter presents the findings of research work and describes potential future 

orientation for multimodal biometric device analysis. 

6.1 CONCLUSIONS 

Today security is major concern in computer technology as well as various applications 

such as banking, e-commerce, military, health application, etc., Traditional knowledge 

based techniques such as using pincode, passwords, cards are not feasible because they 

can be stolen, forgot or forged by third party. Biometric authentication is an alternative 

solution for person identification as they are unique and their features are unchanged 

throughout person lifespan. Existing biometric system are facing some challenges such 

as noisy input samples, occlusion and truncation, pose and orientation and changing 

luminance conditions, etc. Because of these issues, the biometric systems are vulnerable 

against security attacks. A better performance of biometric system can be achieved by 

overcoming some of these listed drawbacks by integrating multiple cues such as iris-

fingerprint, iris-face, iris-voice, etc. There have been substantial studies to evaluate 

better ways of integrating multiple cues from different modalities. 

Fusion taken place at decision level is commonly preferred because it is simple as the 

minimal knowledge content accessible at this level. Therefore, researchers normally 

choose the corresponding score to merge, which would make the best compromises 

between the quality of knowledge and fusion simpler. One of the key issues with the 

score level fusion is the not often comparable values produced by various biometric 

matches. Characteristics and representation of these match score may be different. 

Therefore, there is need to normalize score value using slandered methodology. 

Another drawback of existing biometric modality fusion techniques is that they are not 

able to secure data’s in the database, especially in the area where high level security is 

needed for authentication. There are several issues while providing security through 

biometric in multimodal eye recognition system. Our research work emphasis on the 

accurate matching of authenticated person with multi-modal biometrics system. 
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The quality measure only works on counting features that are extracted and the 

occlusion cases, which may or may not measure the image quality. Fusion of features 

works on the combined feature vectors providing more data points for comparing the 

matching score. The performance of unimodal biometric system varies with change in 

environmental surroundings conditions and unconstrained scenario without user 

cooperation.  The sensitivity, durability and data quality of the sensor are also 

important. Apart from them iris occlusion, posture, age, expression, diseases and some 

other factors are also responsible for degraded performance of biometric systems. 

 To overcome the limitations of unimodal biometric system, fusion of multiple 

biometric modalities is recommended and also checked with several traits. Multimodal 

frameworks are harder to be undermined and highly accurate. They are less vulnerable 

to spoofing and can accommodate lost data as well. Fusion itself greatly enhances 

device efficiency. Therefore, it is not appropriate to tune person unimodal results. 

Fusion also makes the biometric system flexible and scalable. Hence, without any 

degradation in performance, multimodal systems can accommodate more and more 

matches. In this thesis, we have extensively addressed these significant issues in 

systematic manner. 

In this research study, we explored an ability to distinguish iris, sclera and pupil regions 

with entropy based CNN clustering methodology for visual wavelength eye images 

acquired in uncontrolled environment. Initially, input eye images are pre-processed and 

enhanced using min-max normalization followed bilateral filtering. At that point we 

extract the brightness, color and texture (which are contour based features) from the 

pre-processed images and then entropy is measured on these selected features.  

CNN clusters the pupil, iris and sclera regions efficiently centred on entropy values. 

The experimental results exhibits that in terms of performance metrics, such as FPR, 

FDR, FNR, PPV, NPV, sensitivity, specificity, MCC, F-measure and accuracy, Our 

entropy based convolutional neural network(E-CNN) provides better results for 

segmentation  in comparison with present KNN and SVM methods. Further to improve 

its performance we have analysed an effective multimodal biometric system using 

Support value based matching process. 

Here, at first the iris, sclera regions are adequately segmented utilizing entropy-based 

CNN clustering. After that, the effective features are extricated for all the iris, sclera, 

pupil segments and dependent on the extracted features support value is estimated. 
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Matching score is at last determined to decide the data is recognized or Non-recognized. 

Using this multimodal biometric method then results in the accurate matching and 

authentication of the person. By utilizing feature level fusion, we combine the feature 

vectors, which in turn provide more data points for comparing the matching score. 

The multimodal biometrics could be applied resulting in improved security. The high 

accuracy is achieved by using the research methodology and the exploratory results 

shows that our multimodal eye biometric system for visible wavelength images 

outperforms in uncontrolled environment in terms of FAR, FRR, PPV, NPV, accuracy, 

sensitivity, F-measure, MCC, specificity and GAR. 

We have carried out a detailed evaluation of the various existing classification 

techniques for iris, sclera and multimodal eye biometrics such as K-Nearest Neighbors 

(K-NN), Adaptive neuro fuzzy inference system (ANFIS) and various other existing 

classification techniques such as Mixed Convolutional and Residual Network (Mi Co 

Re-Net), CNN, SVM that has been mentioned in the literature in terms of their 

efficiency and robustness. First, we studied the impact of individual modalities iris, 

sclera and pupil on the performance of the multimodal biometric system. Our analysis 

would show that improvement in accuracy and GAR while reduction of FRR and FAR, 

providing a good recognition performance for noisy relaxed color images. Although a 

high level of security is achieved by proposed research methodologies.  

 

6.2 FUTURE WORK 

Future research for this paper will be in a direction to develop a real time application. 

For designing a reliable and effective biometric security application a real multimodal 

database is useful. The variations in context and lighting are different due to the form 

of sample data gathered. For more performance measurement, real multimodal database 

with the same requirements may be used. In certain situations, in real time mode, 

biometric protection systems must run. The framework suggested may be generalized 

to function in real time registration and authentication. 

 

 

 

 


