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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.,                                            

   “
)(log)( 2 jj xPxI −=

 “                                                                                                                   (3.10) 

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. 

“
).(log)()........(log)()(log)( 222212 nnj xxPnxxPnxxPn ×−×−×−

”                     (3.11) 

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, 

 “

)(log)()(
1

2 j

n

j

j xPxPXE ∑
=

−=′

  “                                                                               (3.12) 

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, 

“
queriesofnumbertotal

fwithqueriesof
xP n

j

#
)( =                                                                                          (3.13) 

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), 

“ ∑∑
−

=

−

=

−=
1
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0
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m

i

m

j

i

y jiPjiPE ”                                                              

(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. 



59 

� 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. 



64 

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, 

“ ( )∑
=

+−⋅=∗
m

j

mjifjgigf
1

2
)())(( ”                                                                     (3.17) 

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. 

“ ∑
−

=
−=

1
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N

n

nknk hxy
”                                                                                             (3.18)     

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. 



67 

 

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 
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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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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. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


