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ABSTRACT:We discuss the use of machine learning 

strategies in iris biometrics. We suggest classifying 

iris detection machine learning methods. Many 

methods, from simple neural networks to complex 

deep learning, are discussed. Several facets of the 

aforementioned strategies are discussed. There are 

few biometrics areas with as much potential as iris 

recognition. Despite this, not many studies have been 

conducted using machine learning methods to tackle 

this issue. In this review, we center in on recognition 

and pay less attention to the issues of detection and 

feature extraction. On the other hand, the complexity 

and effectiveness of these techniques may be greatly 

affected by the features chosen to code the iris 

pattern. That is to say, complexity influences 

learning, because iris patterns necessitate relatively 

complex feature vectors, despite the fact that their 

size can be minimized. In order to compare feature 

complexity and learning efficacy across different 

learning algorithms, a neutral common benchmark is 

required. The lack of appropriate implementation 

information or trustworthy shared code also makes it 

impossible to duplicate methodologies and 

experiments at the present time. 

Iris recognition methods, machine learning, and other 

related terms. 

1. INTRODUCTION 

It is common knowledge that the human iris is one of 

a kind, reliable, and unflinching. This has made iris 

identification a topic of intense interest among 

scientists studying bioinformatics, cryptography, 

artificial intelligence, and related fields. Many viable 

strategies have been implemented thus far. There are 

two types of these methods, depending on whether or 

not they employ machine learning. The datasets used 

in these methods are iris photos acquired by an NIR 

(Near infrared) camera, which allows for excellent 

viewing of iris texture even in highly pigmented 

areas. Thus, the extracted iris region delivers more 

precise information, indicating higher recognition 

probabilities. Nonetheless, the aforementioned 

camera's extensive setup is problematic, especially 

when portability and ease of use are factors. 

Meanwhile, camera-equipped cellphones are already 

widely available to the general public. The sole 

drawback is that these cameras take images in the 

visible light spectrum, hence iris images captured 
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with them are less detailed than those captured with 

NIR cameras. That begs the age-old question: "Are 

they good enough for iris recognition?" Some studies 

provided supportive responses to the query. One 

important point to note is that none of the 

aforementioned methods made any real effort to state 

whether or not machine learning techniques would be 

usable in the context of the iris information gathered 

by smartphones. Because of the success of machine 

learning algorithms on NIR camera collected 

datasets, this is crucial information. The question of 

whether or whether ML approaches are applicable in 

this scenario remains unsolved, as iris photos 

captured in visible light are anticipated to yield 

relatively less details. In contrast, the Sparse 

Reconstruction Classifier combined with K-means 

clustering in a single research by Raja et al. yielded a 

negligible percentage of false-positive results (EER) 

(Equal Error Rate). In other words, while it provides 

a strong hint, it does not evaluate alternative machine 

learning methods or provide any additional details 

regarding their viability. 

 

 

 

Fig.1: Example figure 

In this study, we explore the application of machine 

learning strategies to iris detection, specifically with 

respect to photographs of irises recorded by 

smartphones in the visible light spectrum. To achieve 

this goal, we create an all-encompassing 

segmentation and feature extraction method and 

experiment with feeding the same derived features 

into multiple classifiers for training. Finally, we 

evaluate whether or not the machine learning 

techniques are practical for the smartphone captured 

database by comparing the classification accuracy of 

the trained classifiers. 

2. LITERATURE REVIEW 

 How iris recognition works: 

Many experiments in both the field and the lab have 

shown the author's algorithms for distinguishing 

people by their iris patterns, which he devised, with 

no false matches in several million comparisons. 

Failure of a test of statistical independence on the 

iris phase structure recorded by multi-scale 

quadrature wavelets is the recognition principle. 

Real-time, high-confidence determinations of 

individual identities are made possible by the 

combinatorial complexity of roughly 249 degrees of 

freedom in this phase information across different 

people, which provides a discrimination entropy of 

about 3.2 b/mm/sup 2/ over the iris. The high levels 

of confidence are crucial because they permit 

extensive searches of very large datasets (one-to-

many "identification mode") without producing false 

matches, despite the vast number of possible 

outcomes. If a biometric doesn't have this quality, it 

can only be used in one-to-one ("verification") or 

very limited comparison settings. This paper 

provides an overview of iris identification 
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algorithms and shows the findings of 9.1 million 

comparisons between eye photos collected during 

trials in the United Kingdom, the United States, 

Japan, and South Korea. 

Mobile-Camera-Based Visible-Light Iris 

Recognition 

This study provides the results of trials employing 

four commercial and open-source iris recognition 

techniques (Iri-Core, VeriEye, MIRLIN, and 

OSIRIS) and a new collection of iris photos captured 

in visible light using a mobile phone's camera. 

Several noteworthy points are presented. Firstly, we 

demonstrate that, with minimal preprocessing, such 

images allow for clear viewing of iris structure even 

in highly pigmented irises. Second, the enrollment 

phase is somewhat insensitive to the sort of data that 

is used for input across the four approaches. 

Consequently, there will be no or very few instances 

of FTE (where templates could not be derived from 

the samples). Third, we were successful in reducing 

the false-match rate to zero while maintaining a 

correct real match rate of over 94.5 percent across 

all four approaches. With one of the commercial 

approaches, we were able to get a correct authentic 

match rate of over 99.5%, proving that these photos 

can be used with the existing biometric systems with 

little to no additional work. Finally, the trials 

demonstrated that improper image segmentation is 

the primary reason for decreased recognition 

accuracy. This is the only known library of mobile-

captured iris photographs that meet or exceed the 

quality requirements for ISO/IEC 19794-6 and 

29794-6 for near-infrared-illuminated iris images. 

All academics will have free and open access to this 

database. 

An overview of machine learning methods for iris 

recognition 

There are few biometrics areas with as much 

potential as iris recognition. But despite this, there 

aren't many studies that use Machine Learning 

methods to tackle the issue. In this review, we center 

in on recognition and pay less attention to the issues 

of detection and feature extraction. On the other 

hand, the complexity and effectiveness of these 

techniques may be greatly affected by the features 

chosen to code the iris pattern. That is to say, 

complexity influences learning, because iris patterns 

necessitate relatively complex feature vectors, 

despite the fact that their size can be minimized. In 

order to compare feature complexity and learning 

efficacy across different learning algorithms, a 

neutral common benchmark is required. The lack of 

appropriate implementation information or 

trustworthy shared code also makes it impossible to 

duplicate methodologies and experiments at the 

present time. 

Clustered k-means for robust iris identification on 

smartphones in the visible spectrum 

The effectiveness of biometric recognition in the 

visible spectrum on mobile devices like smartphones 

and tablets is the subject of extensive research. Due 

to the high accuracy of iris identification, numerous 

studies have focused on its effectiveness in the 

visible spectrum. The use of smartphones for iris 

recognition has increased as the technology for 

doing so became increasingly common in the visible 

spectrum. To achieve the targeted recognition 

accuracy, it is essential to extract robust 

characteristics for iris recognition in the visible 

spectrum. Extracting robust features using K-means 
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clustering is the focus of this work. As an alternate 

training method, K-means clustering is quick, 

requires little to no computational resources, and can 

be easily scaled to massive systems. The derived 

robust characteristics are optimal for unrestricted iris 

identification on mobile devices in the visible 

spectrum. Smartphone irises from BIPLab's public 

database have been used to rigorously test the 

suggested feature extraction method. On indoor 

iPhone photo samples, the suggested method 

achieves the best Equal Error Rate of 0.31 percent. 

Supervised machine learning applied to the problem 

of iris recognition. 

Many different types of terrorist attacks pose a 

hazard to civilians in the new millennium due to the 

global anarchy that now prevails. Many astute 

gmethods have been developed to detect and 

mitigate these threats. One of the effective methods 

of dealing with these issues is by using biometric 

characteristics. In addition to being a widely 

recognized characteristic, the iris pattern also has 

several other qualities that make iris recognition 

systems useful for human identification, including 

its compact representation, unique texture, and 

stability. Numerous methods have been published in 

these fields, but they all suffer from at least some of 

the same drawbacks, such as high computational 

complexity or lengthy execution times. To address 

these issues, we propose opulent iris recognition 

techniques that utilize a hybrid radial basis function 

neural network (RBFNN) with a genetic algorithm 

(GA) for the matching task, and feature extraction 

based on a combination of the two-dimensional 

Gabor kernel (2-DGK), step filtering (SF), and 

polynomial filtering (PF). We implemented our 

algorithm on the CASIA-Iris V3, UBIRIS. V1, and 

UCI machine learning repository datasets to evaluate 

the effectiveness of the suggested strategy. The 

proposed strategy has been shown to be effective in 

iris recognition experiments. 

3.METHODOLOGY 

 The process of encoding and processing an 

individual's irises requires a large number 

of new calculations. When it comes to built 

frameworks and calculations, almost 

always only superior is guaranteed. 

However, neither of the computations has 

been subjected to extensive testing due to 

the lack of publicly available large-scale 

and even medium-size databases. The 

largest collection of infrared frontal iris 

images is now available online. Two 

notable solutions to the calculation testing 

problem in the lack of data. 

Disadvantages: 

 Errors are probable due to hazy iris images 

and the fact that segmentation and noise 

detection are handled in separate processes. 

 For this project, we are using the CASIA 

IRIS dataset, which contains photos of 108 

people, to train a CNN model that may be 

used to predict or detect people based on 

their IRIS. To train a CNN model, we are 

using the IRIS features extracted from eye 

pictures by the HoughnCircles technique. 

Advantages: 
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 The algorithm has good clustering, as 

shown by theoretical analysis and 

comprehensive experimental findings. 

 

Fig.2: System architecture 

 

MODULES: 

 Upload Iris dataset 

This section is for integrating the Iris 

dataset into the program. 

Preparing the Data 

When a dataset is preprocessed with this 

module, it is ready for further analysis. 

Purpose: Feature Extraction 

In this step, information is divided into two 

categories: training data and test data. Data, 

for instance, might be split into a "training" 

set and a "test" set with a 70%:30% split. 

Synthesis of Models 

As for the language used to actualize the 

strategy, it would be Python. Theano and 

tensorflow, two Python packages, are very 

potent for any given deep learning model. 

Indirectly constructing a model from these 

libraries, however, is challenging. That's 

why we utilize Keras and tensorflow as our 

backend library to make the model as 

precise as possible. Keras's sequential 

model includes components referred to as 

CNN layers. To improve the model's 

accuracy, these layers perform in-depth 

processing of the data by analyzing various 

patterns that emerge in the dataset. In the 

next step, the data are fed into the selected 

model to be trained. 

Construction of a Convolutional Neural 

Network Model 

Using this component, a CNN Model can 

be constructed for testing and training 

purposes. 

Graph of Accuracy and Error 

By doing so, we may compare the 

efficiency of different deep learning 

methods with that of feature extraction 

algorithms in a graphical format. 

Iris Recognition Test Image Upload 

With this feature, users can put an image through its 

paces by uploading it for testing and subsequent 

recognition by the software. 

4. ALGORITHMS 

As a subset of machine learning techniques based on 

artificial neural networks and representation learning, 

deep learning (also known as deep structured 

learning) is becoming increasingly popular. 

Supervised, semi-supervised, and unsupervised 

learning all exist. Computer vision, speech 

recognition, natural language processing, machine 

translation, bioinformatics, drug design, medical 

image analysis, material inspection, and board game 

programs are just a few examples of where deep-

learning architectures have been applied to achieve 

results on par with or better than human e. 
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NETWORK OF CONVOLUTIONAL NERVE 

CELLS: 

We'll construct a 6 layer neural network that can 

distinguish one image from another to show how a 

convolutional neural network-based image classifier 

works. The network we'll be creating is designed to 

run efficiently on a central processing unit. Very 

good at picture classification, traditional neural 

networks have many more training parameters and a 

lengthy elapsed training time if trained on a regular 

central processing unit. The purpose of this work, 

however, is to demonstrate the use of 

TENSORFLOW in the construction of a functional 

convolutional neural network. In essence, Neural 

Networks are just mathematical models for figuring 

out how to optimize anything. Neurons, the 

fundamental computational element of neural 

networks, are what make them up. One type of 

neuron receives an input (let's call it x) and outputs a 

value (let's call it z= wx+b) based on the results of 

several calculations. In order to generate a neuron's 

ultimate output (activation), this value is fed into a 

non-linear function called activation function (f). 

Activation functions come in a wide variety of forms. 

Sigmoid is a common choice for activation function. 

A sigmoid neuron is a type of neuron whose 

activation function is the sigmoid. The names given 

to neurons, such as RELU and TanH, are based on 

their activation functions. The following building 

block of neural networks is a layer, which is simply a 

vertical stack of neurons. Layered image is provided 

below. 

 

Fig.3: CNN model 

Multiple layers are operated on by each other to find 

the best match layer, and this process is repeated until 

no further improvement can be made in the prediction 

of image class. 

5. EXPERIMENTAL RESULTS 

 

Fig.4: Home screen 

 

Fig.5: Dataset upload 
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Fig.6: Dataset loaded 

 

Fig.7: Generate & Load CNN Model 

 

Fig.8: Accuracy & loss graph 

 

Fig.9: Test images 

 

Fig.10: prediction result 

 

Fig.11: prediction result 

6. CONCLUSION 

This work proposes a machine learning-based method 

for iris recognition using photos taken with a 

smartphone. The results shown above demonstrate 

that machine learning techniques are competitive 

with, and in some cases superior to, state-of-the-art 

methods when applied to iris photos collected in the 

visible spectrum using a smartphone. Still, precision 

can be enhanced. We also found that proper 

segmentation is a key factor in precision. Therefore, 

various powerful methods may be used to enhance 

the segmentation outcome. We aimed for simplicity 

by using only standard techniques for identifying and 

separating groups. This was done with their 

straightforward implementation in mind. The high 

quality of the cameras found in today's smartphones 
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bodes well for the overall recognition system, which 

might be used for identification, security, and 

recognition. There is already a functional iris scanner 

embedded into Samsung devices. A cloud-based 

server that facilitates the transmission of iris data 

through mobile device is our next order of business. 

The transmitted information will be matched and 

confirmed by a classifier that runs on the server. 

That's why it's possible to create a comprehensive 

security system utilizing only the smartphones. 

7. FUTURE SCOPE 

The experiments here were carried out in the EEE 

labs of BUET. The authors are appreciative to the 

appropriate BUET administration for facilitating 

access to the necessary datasets and providing the 

necessary infrastructure. 
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