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growing demand for secure and reliable biometric authentication, this paper explores and compares various iris detection techniques that 

form the foundation of modern iris recognition systems. Owing to its uniqueness and stability over time, the human iris has become a trusted 

biometric trait for identity verification. This study systematically examines a spectrum of detection methods, from classical image processing 

techniques such as the Hough Circle Transform and Daugman’s operator, to machine learning models utilizing handcrafted features, and 

modern deep learning architectures like U-Net, YOLOv5, and DeepLabV3+. Leveraging standard datasets including CASIA-IrisV4, 

UBIRIS.v2, and IITD, the research evaluates each method based on detection accuracy, computational efficiency, and robustness in 

challenging scenarios, including occlusions, poor lighting, and motion blur. Results show that deep learning models not only achieve superior 

accuracy but also exhibit faster processing and better generalization, making them highly suitable for real-time and mobile biometric 

applications. Furthermore, the study highlights the benefits of combining traditional and deep learning approaches to create hybrid models 

that balance speed, accuracy, and resource usage. The analysis also emphasizes the importance of data augmentation and preprocessing in 

enhancing model performance across diverse imaging conditions. These insights pave the way for developing scalable and user-friendly iris 

recognition systems adaptable to real-world deployments. 

 

I. INTRODUCTION 

A. Background and Rationale 

        As the need for secure and contactless identification grows in our increasingly digital world, biometric systems have become 

essential. Among the various biometric options—like fingerprints, facial recognition, and voice—iris recognition stands out for its 

precision and long-term reliability. The iris, the coloured ring around the pupil, carries rich and unique texture patterns that remain 

stable throughout a person’s life, making it an ideal candidate for identity verification. However, for an iris recognition system to 

work effectively, the first and most critical step is accurate iris detection—that is, precisely locating the iris boundaries within an 

eye image. This might sound straightforward, but it becomes quite challenging under real-world conditions. Things like blurry 

images, poor lighting, partially closed eyes, glasses, or off-angle views can significantly affect the accuracy of iris detection, 

especially in environments like mobile devices or surveillance systems. 

Over the years, researchers have explored different ways to tackle this problem. Early methods relied on image processing techniques 

like edge detection and shape analysis, which worked well in controlled environments but often failed in less-than-ideal conditions. 

This led to the introduction of machine learning models that used handcrafted features for better adaptability. More recently, the field 

has shifted towards deep learning, which allows models to learn directly from data and handle complex, variable conditions more 

effectively. This study was driven by the need to understand how far these different approaches have come—and which ones truly 

stand up to the demands of real-world use. By comparing classical, machine learning, and deep learning-based methods, the goal is 

not only to highlight what works best today but also to uncover areas where iris detection can be improved further, especially for 

fast, accurate, and reliable use in practical biometric systems. 
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       Fig 1:  (a) Original iris image               (b) Segmented iris image 

B. Problem Statement 

      Despite its advantages, accuracy iris detection remains      challenging due to image quality issues, occlusion, and lightning 

variability-particularly in unconstrained environments like mobile or surveillance system. 

C. Research Objectives 

      The research is focused on building an effective Iris flower classification system using machine learning. The objectives are 

clearly designed to guide the entire project toward this goal. Here's what they aim to do: 

• Understand the Iris Dataset 

First, the researchers want to thoroughly study the dataset—this means looking closely at the different flower features like petal 

length, sepal width, etc., and understanding how they differ across the three iris species: Setosa, Versicolor, and Virginica. 

• Choose the Right Machine Learning Algorithms 

The next goal is to explore and evaluate various machine learning models, such as Decision Trees, K-Nearest Neighbors (KNN), 

and Support Vector Machines (SVM). They want to find out which one works best for classifying the flowers correctly. 

• Train and Test the Models 

After selecting suitable models, the team wants to train them using part of the data, and then test their performance on the 

remaining data. This helps them understand how accurate and reliable each model is. 

• Compare Model Performance 

The researchers aim to compare the models using key performance metrics, like accuracy, precision, recall, and confusion 

matrix. This helps in identifying which algorithm provides the most accurate classification results. 

• Provide a User-Friendly Interface (if applicable) 

If the project includes a practical application or tool, the objective could also be to make sure the system is easy to use and 

understandable, possibly through a graphical user interface (GUI). 

D.  Scope of the Study 

     This study explores and compares traditional, machine learning, and deep learning techniques for iris detection in biometric systems. 

It focuses on real-world challenges like blur, poor lighting, and occlusions using standard datasets (CASIA-IrisV4, UBIRIS.v2, IITD). 

The research aims to develop a hybrid model that balances accuracy, speed, and resource efficiency, making it suitable for practical 

applications like mobile authentication and surveillance. 

 

E. Significance of the Study 

 

      In an era where secure and seamless digital identity verification is essential—whether for unlocking smartphones, accessing secure 

facilities, or passing through airport checkpoints—biometric systems are becoming increasingly critical. Among various biometric traits, 

the human iris stands out due to its rich texture, uniqueness, and long-term stability. These qualities make it one of the most reliable 

indicators for personal identification. 

However, successfully recognizing someone based on their iris heavily depends on the first and most vital step: accurately detecting the 

iris within an image. This becomes especially challenging under real-world conditions like poor lighting, blurry images, occlusion by 

eyelids or glasses, and off-angle views—scenarios commonly found in surveillance footage or mobile device use. 

This study is significant because it evaluates a wide spectrum of iris detection techniques—from traditional image processing methods 

to machine learning and modern deep learning models such as U-Net, YOLOv5, and DeepLabV3+. What sets this research apart is its 

emphasis on practical performance. Rather than relying solely on ideal datasets, it tests these models on real-world images that simulate 

the actual conditions under which iris recognition systems are deployed. 

Furthermore, the study proposes and assesses a hybrid detection framework, combining the strengths of classical and deep learning 

methods. This hybrid approach helps bridge the gap between accuracy and computational efficiency—an important consideration for 

real-time or mobile applications. 

By analyzing accuracy, speed, robustness, and scalability, the research offers valuable insights for building next-generation iris 

recognition systems that are not only high-performing but also practical, portable, and user-friendly.  
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II. LITERATURE REVIEW 

 

A. Overview of Existing Research 

       Iris detection has progressed from classical image processing methods, like edge detection and Hough Transform, to machine 

learning models using handcrafted features, and now to deep learning techniques. While early methods worked in controlled 

environments, they struggled with real-world conditions. Deep learning models such as U-Net and YOLOv5 now offer higher 

accuracy and robustness, making them more suitable for practical applications like mobile and surveillance-based iris recognition. 

[1]  One of the early approaches in iris detection involved classical image processing techniques such as edge detection and Hough 

Circle Transform. These methods focused on identifying the circular boundaries of the iris and pupil, offering reasonable accuracy 

under ideal conditions. However, their performance significantly dropped in real-world environments due to issues like blur, 

reflections, and occlusions. 

[2] The integration of machine learning brought improved adaptability to iris detection. Techniques like Support Vector Machines 

(SVM), Random Forests, and Haar cascades were used with handcrafted features such as gradients and textures. These models 

provided more flexibility and better handling of variations in images compared to classical methods, though they still relied heavily 

on the quality of feature engineering and preprocessing. 

[3] Recent advances in deep learning have transformed iris detection capabilities. Models such as U-Net and DeepLabV3+ perform 

pixel-wise segmentation to precisely isolate the iris, while YOLOv5 supports fast, real-time detection. These models learn directly 

from image data, reducing the need for manual feature extraction and improving robustness to noise and complex visual conditions. 

[4] Deep learning methods also show strong generalization across datasets. By using training data from multiple sources such as 

CASIA-IrisV4 and UBIRIS.v2, these models adapt well to diverse environments, from controlled settings to mobile and surveillance 

imagery. They are particularly effective at managing challenges like off-angle views, eyelash occlusion, and poor lighting. 

[5] Hybrid approaches that combine traditional and deep learning techniques are also gaining traction. These methods aim to balance 

the computational efficiency of classical models with the accuracy and robustness of deep learning, making them suitable for real-

time or embedded biometric systems. 

[6] The use of public datasets and evaluation metrics like Intersection-over-Union (IoU), precision, and F1-score has enabled 

standardized comparison across studies. This ensures that improvements in detection performance are measurable and consistent, 

further guiding the development of scalable iris recognition technologies. 

     B.  Key Findings in the Field 

        Research in iris detection has shown that deep learning models clearly outperform classical and traditional machine learning 

methods, especially in handling tough situations like blurry images, occlusions, and varying lighting. Models like U-Net and 

DeepLabV3+ offer exceptional accuracy and detailed segmentation, while YOLOv5 stands out for its real-time speed. Classical 

methods still work in clean conditions but falter in the wild. Overall, blending smart preprocessing with deep learning leads to more 

reliable, fast, and adaptable iris recognition systems — a big step forward for secure biometrics. 

 

III. RESEARCH METHODOLOGY 

      A.  Research Design 

        The research was built on a clear, structured approach aimed at understanding which iris detection methods perform best across 

various conditions. It included a wide range of techniques—classical image processing, traditional machine learning, and modern 

deep learning models like U-Net and YOLOv5. These methods were tested using well-known iris datasets such as CASIA-IrisV4, 

UBIRIS.v2, and IITD, each presenting unique challenges like noise, lighting changes, occlusions, and off-angle eye positions. Images 

were carefully pre-processed through steps like grayscale conversion, contrast enhancement, noise reduction, and resizing to ensure 

consistency across all models. For deep learning methods, extra steps like data augmentation—including rotation, flipping, and 

brightness variation—were added to make the models more robust and adaptable to real-world scenarios. 

      Each model was then evaluated using standard performance metrics such as accuracy, F1-score, Intersection-over-Union (IoU), 

processing time per image, and resilience under challenging image conditions. The experiments were conducted in a consistent 

environment with the same hardware, software, and data splits to ensure fairness and reliability in the results.  

This comprehensive and methodical design enabled the researchers to not only compare the performance of various approaches but 

also understand their practical usability, scalability, and limitations. Ultimately, it provided meaningful insights into which techniques 

are best suited for accurate and efficient iris detection in real-world biometric systems. 

 

B. Data Collection and Preprocessing 

1) Image Acquisition: 

The study used three publicly available iris datasets: CASIA-IrisV4, UBIRIS.v2, and IITD. These datasets provided high-quality 

images under both controlled and challenging conditions. All images included annotations for supervised learning and evaluation. 

2) Image Deduplication and Cleaning: 

Although deduplication via hashing was not mentioned, preprocessing steps such as grayscale conversion, histogram equalization, 

noise reduction, and resizing were applied to standardize and clean the images for consistent model input. 

3) Data Augmentation: 

To enhance model robustness, image augmentations like rotation, translation, flipping, and brightness adjustment were used. These 
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techniques helped the models handle variations like occlusion, blur, and off-angle views. 

 

C. Model Development 

         This study evaluates iris detection techniques across classical, machine learning, and deep learning models. Classical methods 

like Hough Circle Transform and Daugman’s Operator detect circular iris boundaries but are sensitive to noise. Machine learning 

models such as SVM, Random Forest, and Haar Cascades use handcrafted features to classify regions, offering improved 

adaptability but limited robustness. 

      Deep learning models, including U-Net, YOLOv5, DeepLabV3+, and Mask R-CNN, show superior accuracy and generalization. 

These models perform end-to-end iris segmentation or detection and are trained using data augmentation for improved performance 

on noisy images. 

Highlights:  

• Classical: Edge-based circle detection (Hough, Daugman) 

• ML Models: SVM, Random Forest, Haar Cascade 

• Deep Learning: U-Net (segmentation), YOLOv5 (real-time detection), Mask R-CNN (detailed segmentation) 

• Tools: TensorFlow, PyTorch, OpenCV 

• Metrics: IoU, F1-score, accuracy, runtime 

D. System Integration 

      The system follows a modular pipeline from image acquisition to result display. Input images are first preprocessed using 

standard techniques like resizing and denoising. The processed image is passed to the selected detection model. Deep learning models 

predict either bounding boxes or segmentation masks, followed by optional post-processing. 

For deployment, a simple Flask-based web app allows real-time testing with image upload and visualization. The modular design 

supports easy swapping of detection models and future extensions. 

Highlights: 

Pipeline: Image → Preprocessing → Detection → Output 

Deployment: Flask web interface 

Post-processing: Morphological filtering, shape validation 

Extensible: Supports both classical and DL models 

 

E. Model Deployment and Recommendation System 

        The system was deployed as a lightweight web application using Flask. It allows users to upload an iris image, which is then 

preprocessed and passed through a trained model for detection or segmentation. Results—including bounding boxes or segmentation 

masks—are displayed in real time. 

 

Deployment Highlights: 

• Web app interface: Built with Flask, HTML, CSS, and JavaScript 

• Backend: Python, OpenCV, TensorFlow/PyTorch 

• GPU inference: Enabled for faster processing using CUDA 

User input validation and error handling for low-quality images 

Optimized model versions for deployment (using ONNX/TensorRT for future edge deployment) 

 

 

IV. EXISTING SYSTEM 

 

        The existing iris recognition system functions by capturing an image of the human iris using a camera, usually under controlled 

conditions such as near-infrared lighting. Once the image is captured, the system processes it to extract the unique iris patterns, which 

are then compared against stored templates in a database to verify or identify the individual. These systems are generally known for 

their high accuracy, non-intrusiveness, and resistance to forgery. They are able to deliver precise identification results with minimal 

physical interaction from the user. Traditional systems mainly rely on classical image processing and machine learning techniques 

with hand-crafted feature extraction, which perform effectively when the image quality is high and environmental conditions are 

favorable. 

                                       V. EXISTING SYSTEM LIMITATIONS 

 

• Dependence on ideal imaging conditions: 

Many systems assume controlled environments with near-infrared cameras and fixed user positioning, limiting their use in real-

world scenarios. 

• Low flexibility of hand-crafted feature extraction: 

Traditional methods rely on manually engineered features, which are not easily adaptable to different datasets or conditions 

without significant tuning. 
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• Poor imaging quality in some datasets: 

Datasets captured under natural lighting, like the LEI dataset, often have reflections and segmentation challenges compared to 

those using near-infrared light. 

• Sensitivity to input quality: 

Systems may fail when faced with poor-quality images  affected by blur, occlusion, or lighting issues, reducing accuracy in 

practical use cases. 

• Lack of robustness to variations: 

Many systems struggle with variations in lighting, pose, and occlusions, which are common in uncontrolled environments. 

• Limited dataset size: 

Small datasets can lead to overfitting and poor model generalization, especially in deep learning-based approaches. 

• High computational requirements for deep learning models: 

Deep learning techniques often require substantial computational resources, making them difficult to deploy on lightweight or 

mobile systems. 

• Privacy and ethical concerns: 

Biometric systems must handle personal data responsibly, ensuring data protection, informed consent, and ethical use. 

 

                                                   VI. PROPOSED SYSTEM  

        The proposed system for Iris Recognition System (IRS) in the biometric world is a reliable and efficient method of identification 

that uses iris recognition technology to accurately identify individuals in various scenarios, such as access control, border control, 

and security systems. The proposed system consists of the following components:  

 Iris capture device: A specialized camera or scanner is used to capture images of the iris. The device should be able to capture high-

quality images of the iris in different lighting conditions and angles. 

      Iris recognition software: The captured iris images are processed using specialized software that extracts the unique features of the 

iris, such as the pattern of the iris and the texture of the iris surface. This data is then stored as a digital template for future 

identification. 

       Database: The digital templates of the iris patterns are stored in a secure database. This database can be accessed by authorized 

personnel to verify the identity of individuals.  

       Verification process: When an individual presents their iris for identification, the iris recognition software compares the digital 

template of their iris with the templates stored in the database. If there is a match, the system confirms the identity of the individual.  

       Privacy and data protection: The system should be designed to ensure the privacy and data protection of individuals. This can be 

achieved by implementing strong security measures to protect the database and ensuring that personal information is not shared or 

used for other purposes. Overall, the proposed system for Iris Recognition System (IRS) in the biometric world is a secure and 

reliable method of identification that can overcome the challenges and limitations of the technology and ensure privacy and data 

protection for individuals. 
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                                                         VI. SYSTEM ARCHITECTURE  

 

• Iris capture device: A specialized camera or scanner is used to 

capture images of the iris. The device should be able to capture 

high-quality images of the iris in different lighting conditions and 

angles.Low flexibility of hand-crafted feature extraction: 

Traditional methods rely on manually engineered features, which 

are not easily adaptable to different datasets or conditions without 

significant tuning. 

• Iris recognition software: The captured iris images are processed 

using specialized software that extracts the unique features of the 

iris, such as the pattern of the iris and the texture of the iris surface. 

This data is then stored as a digital template for future 

identification. 

• Database: The digital templates of the iris patterns are stored in a 

secure database. This database can be accessed by authorized 

personnel to verify the identity of individuals. 

• User interface: A user interface allows individuals to interact with 

the system by presenting their iris for identification. The user 

interface may be a physical device, such as a scanner or camera, 

or a software-based interface that allows individuals to upload 

images of their iris. 

• Verification process: When an individual presents their iris for 

identification, the iris recognition software compares the digital 

template of their iris with the templates stored in the database. 

If there is a match, the system confirms the identity of the 

individual. 

• Security measures: The system should be designed to 

ensure the security and privacy of personal information. This 

can be achieved by implementing strong security measures to 

protect the database and ensuring that personal information is 

not shared or used for other purposes. 

• Integration with other systems: The system may need to be integrated with other systems, such as access control systems or security 

systems, to provide a comprehensive solution for identification and security. 

Fig 2:  Privacy concerns in public images caused by the 

possibility of correctly achieving iris recognition. The 

figure shows an example of failed face recognition [7] using 

public-domain face images of the same person (a). 

Regardless of failure, the iris recognition method [8] 

obtained HDleft=0.277 (b), which is below the threshold 

currently deployed in most iris recognition systems. 

Therefore, even when face recognition is not applicable, it 

is possible to be highly confident that two irises belong to 

the same person. [ 
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                                 Fig 3: Flow Chart 

 

I. CONCLUSION AND FUTURE WORK 

 

A. Conclusion 

This survey explored a wide range of iris detection techniques, 

highlighting the transition from classical image processing methods 

to advanced machine learning and deep learning approaches. 

Traditional methods like the Hough Transform and Daugman’s 

operator offer simplicity and decent accuracy under ideal 

conditions, but they fail in noisy or unconstrained environments. 

Machine learning techniques brought some improvement in 

adaptability by using handcrafted features, yet they still struggled 

to generalize across varied datasets and lighting conditions. 

In contrast, deep learning models have shown significant 

progress in both detection accuracy and processing efficiency. 

Models like U-Net and DeepLabV3+ delivered high-quality 

segmentation, while YOLOv5 demonstrated real-time 

performance, making these approaches suitable for modern biometric systems. Through consistent evaluation across benchmark 

datasets, it is evident that deep learning methods offer better robustness and scalability, making them the most promising direction 

for future iris detection and recognition applications. 

 

B. Future Work 

         Future research can focus on developing lightweight, real-time iris detection models suitable for deployment on mobile and 

embedded systems. Exploring self-supervised learning and data augmentation     techniques can reduce the need for large labeled 

datasets. In addition, improving cross-dataset generalization and integrating iris detection into multi-modal biometric systems will 

enhance the adaptability and reliability of real-world authentication solutions. 

 

REFERENCES 

[1] J. Liu, F. Wang, B. Song, and X. Wang, "Intelligent classification model for interior design knowledge graph based on simulated annealing algorithm," Informatica, 
vol. 48, pp. 81–96, 2024. 

[2] X. Zhang and Y. Liu, "Application research of interior space design elements based on image processing," Procedia Computer Science, vol. 243, pp. 990–999, 2024. 

[3] A. F. Almaz, E. A.-E. A. El-Agouz, M. T. Abdelfatah, and I. R. Mohamed, "The future role of artificial intelligence (AI) design’s integration into architectural and 
interior design education to improve efficiency, sustainability, and creativity," Civil Engineering and Architecture, vol. 12, no. 3, pp. 1749–1772, 2024. 

[4] J.-S. Dessureault, F. Clément, S. Ba, F. Meunier, and D. Massicotte, "Explainable machine learning method for aesthetic prediction of doors and home designs," 
Information, vol. 15, p. 203, 2024. 

[5] H. R. Shreya and T. Kumar, "Impact of artificial intelligence tools and text-to-3D model generators on interior design," in Smart Trends in Computing and 
Communications, vol. 949, Lecture Notes in Networks and Systems, pp. 465, Springer, 2024. 

[6] Y. Fan, Y. Zhou, and Z. Yuan, "Interior design evaluation based on deep learning: A multi-modal fusion evaluation mechanism," Mathematics, vol. 12, p. 1560, 2024. 

[7] Z. Shao, J. Chen, H. Zeng, W. Hu, Q. Xu, and Y. Zhang, "A new approach to interior design: Generating creative interior design videos of various design styles from 
indoor texture-free 3D models," Buildings, vol. 14, p. 1528, 2024. 

[8] T. Liang, Z. Xiao, and L. Guo, "A deep learning model-based feature extraction method for architectural space and color connection in interior design," Scalable 
Computing: Practice and Experience, vol. 25, no. 4, pp. 2948–2958, 2024. 

http://www.jetir.org/

