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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

NF
FNR

′+′

′
=

”                                                                                        (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 



99 

 

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. 
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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. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 


