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Abstract

Iris biometric systems are recognized as secure alternatives to conventional authentication
methods, yet challenges such as variable illumination, noise, and intricate iris textures
persist. To address these issues, our study presents a novel hybrid iris recognition frame-
work that integrates advanced deep learning with a pioneering application of Multivariate
Ensemble Empirical Mode Decomposition (MEEMD) for feature extraction—a method not
previously applied in this context. Our framework first employs MEEMD to extract statisti-
cal features that capture the iris’s nonlinear and nonstationary variations. We then combine
global semantic information from two pretrained convolutional neural networks—VGG16
and ResNet-152—with local micro-texture details encoded by Local Binary Patterns (LBP) to
form a comprehensive feature representation. An efficient pre-processing and segmentation
stage precisely isolates the iris region, and the resulting features are refined through dimen-
sionality reduction techniques to yield a robust, compact representation. These features are
subsequently classified using multiple models, each rigorously tuned via hyperparameter
optimization. Experimental validation on benchmark datasets—including IITD, CASIA,
and UBIRIS.v2—shows that our model achieves recognition rates of up to 98% on IITD,
97% on CASIA, and 97.30% on UBIRIS.v2, surpassing existing approaches. This work not
only enhances iris recognition performance but also establishes a novel method that bridges
advanced deep learning with innovative feature extraction for high-security applications.

Keywords: iris recognition; deep learning; VGG16; ResNet-152; MEEMD; Local Binary
Patterns; feature extraction; biometrics

1. Introduction

Biometric authentication systems have become increasingly crucial in modern secu-
rity applications, with iris recognition emerging as one of the most reliable and accurate
modalities [1,2]. The human iris presents unique and stable patterns throughout an individ-
ual’s lifetime, making it an ideal biometric identifier for high security applications. However,
despite significant progress, iris recognition still faces major challenges under real-world
conditions, including variable illumination, occlusions, noise interference, and the complex
micro-textural structure of iris images [3]. These factors continue to hinder robustness and
generalization, especially in unconstrained visible-light datasets such as UBIRIS.v2 [4].

Traditional iris recognition approaches have relied on handcrafted descriptors such
as Gabor filters, HOG, or Local Binary Patterns (LBP), which are effective for local texture
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encoding but insufficient to capture the nonlinear and nonstationary dynamics of iris
signals [5]. Deep learning methods, particularly convolutional neural networks (CNNs),
have achieved remarkable success in learning global discriminative features directly from
raw iris images [6]. Nevertheless, CNNs often emphasize global semantics and may over-
look subtle local micro texture variations that are crucial under challenging conditions [7].
This limitation has motivated a surge in hybrid iris recognition research that combines deep
networks with complementary descriptors or novel segmentation frameworks [8].

Within this landscape, advanced signal processing techniques remain underexplored
for iris recognition. In particular, Multivariate Ensemble Empirical Mode Decomposition
(MEEMD) [9] has demonstrated strong potential in handling nonlinear and nonstationary
signals in other biometric domains, such as face recognition [10], but it has not yet been
systematically applied to iris biometrics. MEEMD decomposes signals into intrinsic mode
functions, from which statistical descriptors such as mean, variance, skewness, and kur-
tosis can be extracted. When combined with CNNs, MEEMD provides a complementary
statistical view of iris textures, bridging the gap between global deep representations and
fine-grained local details. This synergy has not been addressed in the existing literature,
creating a clear research gap.

1.1. Contributions

In this paper, we propose a novel hybrid iris recognition framework that integrates
advanced signal processing with dual deep-learning strategies to generate a rich and
discriminative feature representation. The main contributions of this work are as follows:

1.  We employ Multivariate Ensemble Empirical Mode Decomposition (MEEMD) to
extract intrinsic mode functions (IMFs) from iris signals, capturing both fast-varying
and slow-varying patterns for statistical feature extraction.

2. We combine dual CNN architectures (VGG16 and ResNet152) to learn complementary
global features, while LBP is used to extract local rotation-invariant texture features,
resulting in a comprehensive multi-domain feature set.

3. Principal Component Analysis (PCA) is applied to fuse and reduce the dimensionality
of the extracted features, generating a compact yet highly discriminative representation
suitable for classification.

4.  Extensive experiments are conducted on multiple iris datasets to demonstrate the
effectiveness, robustness, and generalizability of the proposed approach, with high
accuracy and minimal overfitting.

1.2. Research Gap and Motivation

Current iris recognition systems are either handcrafted or mostly use deep learning
models. Compared to Gabor filters and LBP, which are vulnerable to noise and changes in
illumination, deep CNN models can be unresponsive to fine-grained local textures or are
prone to overfitting when the training data is very limited. Additionally, the majority of
past studies did not utilize complementary multi-domain features to their fullest potential,
and they have not presented a clear dimensionality reduction mechanism while retaining
the discriminative information. The suggested framework mitigates these constraints by
combining statistical, local, and global characteristics in a single interpretable pipeline in
order to guarantee accuracy and generalization.

Although iris recognition has made progress, irregularities like changes in illumina-
tion, partial occlusion, inter-class similarity and small amounts of data used lead to poor
performance. The research problem that was utilized in the present work is to devise a hy-
brid architecture that is able to effectively extract and combine complementary information
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across a variety of domains, forming a very small feature vector that performs robust iris
recognition across a variety of conditions.

To address this goal, we would like to suggest a hybrid structure that would use
MEEMD to acquire statistical features, two CNNs (VGG16 and ResNet152) to learn global
features, and LBP to learn local textures. PCA is then used to decrease the dimension of the
features and remove redundancy. This multi-domain, multi-level combination of features
increases recognition accuracy, reduces overfitting, and improves the generalizability
of datasets.

The remainder of this paper is organized as follows. Section 2 reviews related work and
highlights existing research gaps. Section 3 presents the proposed hybrid iris recognition
framework, including MEEMD, CNN-based feature extraction, LBP, and PCA-based fusion.
Section 4 presents the experimental setup, benchmark comparisons, and ablation results.
Section 5 discusses the obtained results and analyzes the performance of the proposed
approach. Finally, Section 6 concludes the paper and outlines future research directions.

2. Related Work

Iris recognition has long been a focal point in biometric research due to its high reliabil-
ity and distinctiveness. Over the years, the field has evolved from traditional handcrafted
approaches to advanced deep learning and hybrid methods. This section reviews key
developments, critically analyzing their strengths and limitations to contextualize the need
for more robust frameworks.

Deep learning has significantly advanced iris recognition by enabling automatic fea-
ture learning from raw images. Convolutional Neural Networks (CNNs) have proven
particularly effective, with architectures such as VGG16 [11] and ResNet-152 [12] demon-
strating strong performance in capturing hierarchical and abstract representations of iris
patterns. More recent studies, including Deeplris [13] and the work of Lei et al. [14],
highlight that CNN-based models can achieve high accuracy under both controlled and un-
constrained settings. However, one limitation of CNNss is their bias toward global semantic
features, often overlooking subtle local textures that are critical in noisy or visible-light
conditions such as those in the UBIRIS.v2 dataset [15].

Before the widespread adoption of deep learning, iris recognition relied heavily on
handcrafted descriptors. Local Binary Patterns (LBP) [16] became one of the most widely
used texture operators due to their robustness to illumination changes, rotation invariance,
and computational efficiency. While LBP and related descriptors such as Gabor filters are
effective in controlled environments [17], their performance degrades under non-ideal
conditions, where nonlinear distortions and occlusions dominate. These limitations have
driven the shift toward hybrid and learning-based methods [18].

Hybrid iris recognition systems attempt to combine the strengths of handcrafted and
learned features. Early work integrated CNN features with texture descriptors such as
LBP [19], while more recent studies have employed multimodal or feature fusion strategies.
For instance, El-Sofany et al. [20] proposed a hybrid iris—cloud security framework, and Sumi
etal. [21] performed a comprehensive evaluation of segmentation-driven pipelines on multiple
benchmark datasets. These works highlight that hybridization often improves robustness, but
there remains a need for systematic frameworks that balance global and local information.

Signal processing methods have also contributed to feature enhancement in biometrics.
Empirical Mode Decomposition (EMD) and its extensions have been explored for face and
voice analysis, with Multivariate Ensemble Empirical Mode Decomposition (MEEMD)
showing promise in extracting statistical descriptors from nonlinear and nonstationary
signals [11,12]. However, its potential in iris recognition remains largely unexplored. Recent
advances such as SAM-Iris [22] and the multiscale attention feature deep fusion framework
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from Guo et al. [23] demonstrate that modern segmentation models can substantially
improve robustness, especially across both near-infrared and visible-spectrum datasets.

Recent studies further demonstrate the rapid evolution of iris recognition beyond con-
ventional CNN pipelines. Pang et al. [24] developed a multi-feature fusion framework based
on CBAM-DenseNet, highlighting the benefits of quality filtering, attention mechanisms,
and hybrid feature integration in small-sample settings. From a broader perspective, Aliyu
et al. [25] provided a recent review of feature extraction and feature selection techniques
for iris recognition, emphasizing the growing importance of hybrid and fusion-based strate-
gies. Moreover, Bhuiyan et al. [26] extended iris recognition research to infant biometrics,
illustrating the expansion of the field toward more challenging real-world scenarios.

Although traditional, deep, and hybrid approaches have already achieved significant suc-
cess, several challenges remain unresolved, including the preservation of local micro-textures,
robustness to nonlinear deformations, and stability under noisy acquisition conditions. These
limitations motivate the development of systematic hybrid frameworks that combine signal-
decomposition methods such as MEEMD with complementary deep-learning architectures to
provide a more accurate, robust, and generalizable iris recognition solution.

3. Proposed Methodology

This paper presents a hybrid iris recognition framework that integrates advanced
deep-learning techniques with signal-processing approaches to achieve robust and accurate
recognition. The proposed framework combines Multivariate Ensemble Empirical Mode
Decomposition (MEEMD), two deep-learning architectures, namely VGG16 and ResNet-
152, and Local Binary Patterns (LBP) for comprehensive feature extraction. MEEMD is
employed to characterize the nonlinear and nonstationary variations inherent in iris textures
through statistical descriptors derived from intrinsic mode functions (IMFs). VGG16 is
used to capture fine-grained visual patterns through a relatively uniform convolutional
architecture, whereas ResNet-152 extracts high-level semantic representations through deep
residual learning, thereby improving robustness and generalization. LBP complements
these global representations by encoding local micro-textural information. The fusion
of these complementary feature domains yields a rich and discriminative representation
suitable for high-accuracy iris recognition under challenging imaging conditions.

As shown in Figure 1, the framework consists of four sequential stages:

1.  Preprocessing and Segmentation
2. Feature Extraction
3. Feature Fusion and Dimensionality Reduction
4. Classification and Optimization
Feature Extraction Phase Feature Combination and
Dimensionality Reduction Phase
MEEMD
(Decompose the iris signal into Intrinsic Mode
Functions and compute statistical moments)
PCA
StandardScaler
( Pre-trained CNN h ‘
VGG16 (Extract mid-level lutional .
. | features that emphasize fie ecges and Feaure Selecton
 nput ——r | localized patterns.) ( Output )

Pre-trained CNN ) . T
ResNet-152 (Capture deep, high-level RandomForest ——
| abstractions and contextual cues via residual MLP Identity Prediction
\ learning.) SVM
XGBoost

p
| LBP

| (Represent micro-texture details robust to
| illumination.)

Figure 1. System architecture of the proposed hybrid iris recognition framework. The model
integrates MEEMD for feature decomposition, LBP for texture encoding, and dual deep-learning
pathways using VGG16 and ResNet-152 for robust and discriminative feature extraction.
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Each stage progressively refines the input data to yield a robust feature representation
tailored to high-accuracy iris recognition.

3.1. Architecture Overview

To provide a clearer understanding of the proposed framework, each component is
illustrated and described in detail. The MEEMD module, shown in Figure 2, decomposes
the input iris signal into multiple intrinsic mode functions using a noise-assisted ensemble
strategy. This decomposition captures both high-frequency and low-frequency variations,
thereby modeling the nonlinear and nonstationary characteristics of iris textures. The
LBP module, illustrated in Figure 3, extracts rotation-invariant local texture descriptors by
encoding each pixel with respect to its local neighborhood. Global features are extracted
through VGG16 and ResNet-152. As shown in Figure 4, VGG16 captures fine-grained struc-
tural patterns through stacked convolutional and pooling layers, while Figure 5 illustrates
the residual learning mechanism of ResNet-152, which enables deeper semantic representa-
tion learning through skip connections. Together, these modules provide complementary
statistical, local, and global representations, which are subsequently fused and refined to
form a compact and discriminative feature space.

E Input signal ]

l

[Ensemble noise addition]

l

[Multiple EMD decompositions}

l

[Average intrinsic mode functions (IMFS)]

l

EFinal MEEMD features}

Figure 2. Simplified MEEMD architecture showing noise-assisted decomposition and IMF averaging.

[Input grayscale image}

l

[3 x 3 neighborhood sampling]

l

[Compare neighbors with center pixel]

l

[Generate LBP binary pattern}

l

[Histogram of patterns (LBP features)]

Figure 3. LBP feature extraction workflow from pixel neighborhood to histogram.
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[ Input image J

i

[ Conv3x3x64(x2) |

[ Max Pool ]

l

[ Conv3x3 x128(x2) |

|

[ Max Pool ]

l

[ Conv 3x3 x 256 (x3) ]

[ Max Pool ]

[ Conv 3x3 x 512 (x3) ]

|

[ Max Pool ]

l

[ Fully connected layers j

Figure 4. High-level VGG16 architecture illustrating convolutional blocks and pooling stages.

[ Input feature map

[ Conv 1x1
[ Con\; 3x3
( Conv 1x1

{ Add skip connection

[ ReLU ac‘:tivation ]

Figure 5. Residual block structure used in ResNet-152.

3.2. Preprocessing and Segmentation

Initially, raw iris images are enhanced through noise reduction and illumination nor-
malization to counteract environmental variability. A segmentation algorithm integrating
Canny edge detection, thresholding, and morphological operations is then used to isolate
the iris region from extraneous structures such as eyelids and eyelashes. This selective
segmentation ensures that subsequent feature extraction is performed exclusively on the
region of interest, thereby improving recognition reliability.
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3.3. Feature Extraction

Our approach employs a multi-domain feature extraction strategy in which statistical,
global, and local descriptors are generated from the segmented iris image.

3.3.1. Statistical Feature Extraction via MEEMD

The segmented iris image is transformed into a multivariate signal and decomposed
into intrinsic mode functions using MEEMD. Let X(#) € RM denote the multichannel input
signal, where ¢ is the sample index and M is the number of channels derived from the iris
representation. The MEEMD decomposition is expressed as

K
X(t) =) C(t) + R(t), ey
k=1

where Ci(t) denotes the k-th intrinsic mode function, K is the total number of extracted
IMFs, and R(t) is the residual component after decomposition.
Each IMF is estimated through noise-assisted ensemble averaging:

1 N
Celt) = 5 ;EMD(X(t) +e<”)(t))k, @)

where N denotes the number of noise-assisted realizations, n indexes the realization number,
and (") (t) denotes the n-th white-noise realization added to the signal.

For each IMF, statistical descriptors including mean, variance, skewness, and kurtosis
are computed to characterize the nonlinear and nonstationary behavior of iris textures.

3.3.2. Global and Local Feature Extraction via a Dual Deep-Learning Strategy

To complement the statistical descriptors obtained through MEEMD, the proposed
framework extracts both global and local visual features.

Global Features via VGG16

VGG16 captures fine-grained visual structures through successive convolution and
pooling operations. At convolutional layer /, the feature maps are computed as

HD = ReLU(W(l) «HI-D 4 b(’)), 3)

where * denotes 2D convolution, and W) and b'") are the learned weights and biases.
After the convolutional and pooling stages, the final VGG16 feature vector is given by

Pyccre(*) = Wi ReLU(w;C vec(H<L>) + b’) +b, )

where vec(-) denotes vectorization, H (L) is the output of the last convolutional layer, and
Wy, Wi, are fully connected layer weights.

Global Features via ResNet-152

ResNet-152 extracts deeper contextual representations through residual learning. For
an input vector x, the output of a residual block is defined as

y = f(F(x) +x), ®)
where the residual mapping F(x) is

F(x) =W, ReLUW1x + by) + by, (6)
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and f(-) is typically the ReLU activation function. By stacking such residual blocks,
ResNet-152 learns abstract and semantically rich features that improve robustness and
reduce overfitting.

Local Texture Analysis via LBP

Local Binary Patterns are used to capture rotation-invariant micro-textural details. For
a central pixel at (xc, i) with intensity I and P neighboring pixels {Iy, ..., Ip_1 } sampled
at radius R, the LBP descriptor is defined as

LBPp g (xc, yc) Z s(I, — I.)2 (7)

where the thresholding function is

1, u=0,
s(u) = t= (8)
0, u<ao.

This encoding generates a compact binary descriptor that captures local iris micro-patterns
and complements the global CNN-based representations.

3.4. Feature Fusion and Dimensionality Reduction

The features extracted from MEEMD, VGG16, ResNet-152, and LBP are concatenated
into a unified high-dimensional feature vector. To reduce redundancy while preserving dis-
criminative information, Principal Component Analysis (PCA) is applied. Let X € R"*¢ de-
note the concatenated feature matrix, where each row x; represents a d-dimensional sample.

First, the data are centered:

12
= - Xi, (9)
3’21‘ - xi - I’l/ (10)
%
X=1:1. (11)
.i'T

The covariance matrix is then computed as

zz%lx X e R4, (12)

Its eigen-decomposition is given by
Loj=Ajv;, M >N >--2>2X4;32>0, (13)

where {v;} are the orthonormal eigenvectors and {A;} are the corresponding eigenvalues.
The data are then projected onto the top k principal components:

Vi = [7)1, ey Uk] S Rka, y, =X Vi€ RF, (14)

In our implementation, PCA was configured to retain 90% of the cumulative explained
variance (n_components = 0.90). For the feature matrix used in the reported experiments,
this criterion resulted in a reduced dimension of k = 201. Thus, k was determined by the
explained-variance criterion rather than being manually fixed a priori. The resulting set
{y,} constitutes the compact representation used for downstream classification.
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3.5. Model Initialization and Trainable Components

VGG16 and ResNet-152 were initialized with weights pretrained on ImageNet. In
the present implementation, no fine-tuning was performed on the iris datasets, and both
networks were used as fixed pretrained feature extractors. To mitigate overfitting, the
training process incorporated a stratified train—test split, feature standardization, PCA-
based dimensionality reduction, and early stopping in the MLP classifier.

Regarding trainable components, preprocessing, segmentation, MEEMD/EEMD-
based feature extraction, LBP, feature fusion, standardization, and PCA are deterministic or
fitted feature-processing modules and are therefore not trainable neural components. The
trainable part of the proposed system consists of the downstream classifiers applied after
feature fusion and dimensionality reduction, including Random Forest, SVM, Gradient
Boosting, MLP, XGBoost, and the final Voting Classifier.

3.6. Classification and Optimization

The reduced feature vector is finally used for classification through an ensemble of
models, including Support Vector Machines (SVMs), Random Forests, and specialized deep
neural networks. Hyperparameter optimization methods such as grid search and Bayesian
optimization are employed to maximize recognition performance on benchmark datasets
including IITD, CASIA Iris Interval V4, and UBIRIS.v2.

In summary, the proposed framework integrates advanced signal processing with dual
deep-learning strategies to construct a rich and overfitting-resistant feature representation.
Statistical descriptors obtained from MEEMD are fused with complementary global features
extracted by VGG16 and ResNet-152, together with local micro-texture information derived
from LBP. These heterogeneous descriptors are refined through PCA to yield a compact
and discriminative representation suitable for robust iris recognition in real-world and
high-security applications.

4. Experimental Results

The experimental evaluation assesses the recognition performance of the proposed
hybrid iris recognition framework across three benchmark datasets: IITD [14], CASIA Iris
Interval V4 [13], and UBIRIS.v2 [4]. For each dataset, the proposed model is compared
against benchmark methods reported in the literature. Recognition accuracy and F1 score
results are summarized in the following tables.

4.1. Dataset Descriptions

The following datasets were used in the experiment description shown in Table 1:

e IITD Iris Dataset: Controlled near-infrared images collected at IIT Delhi compris-
ing approximately 224 subjects with about 5 images per subject at a resolution of
320 x 240 pixels [14].

e  CASIA Iris Interval V4: A controlled near-infrared iris dataset from the Chinese
Academy of Sciences with around 249 subjects and images with a resolution of
640 x 480 pixels [13].

¢  UBIRIS.v2 Dataset: A public visible spectrum iris database captured under uncon-
strained conditions, containing approximately 260 subjects and images with varying
resolutions [4] .

Below is a summary table of the three iris datasets used in our experiments, with key
attributes for each:
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Table 1. Datasets used in our experiments.
Dataset Number of Subjects Number of Samples Resolution Format
IIT Delhi iris database
(IITD-V1) 224 1120 320 x 240 BMP
CASIA-Iris-Interval V4 249 2639 640 x 480 JPEG
UBIRIS.v2 261 11,102 800 x 600 TIFF

Note: “Subjects” refers to the number of distinct individuals included in the dataset, while “Samples” denotes
the total number of iris images collected (e.g., each subject typically contributes images from one or both eyes).
Table 5 presents the ablation study results and highlights the contribution of each feature extraction module.

4.2. Performance Benchmark

For each dataset, we compare the proposed model against benchmark methods re-
ported in the literature. The following tables summarize the recognition accuracy and F1
score results across the three benchmark datasets. Table 2 presents the performance of each
model on the CASIA Iris Interval V4 dataset, Table 3 reports their results on the IITD Iris
dataset, and Table 4 summarizes their performance on the UBIRIS.v2 dataset.

Figure 6 shows the training and validation accuracy and loss of the proposed iris
recognition model on the IITD Iris Dataset. The accuracy increases rapidly during the
early epochs and stabilizes at a high level, reaching approximately 98%. At the same
time, the loss decreases sharply and remains low, indicating effective learning and stable
convergence. The close similarity between the training and validation curves suggests
good generalization and minimal overfitting.

1.0 Train Train
Test Test

Accuracy
Loss

04

0.2

0.0

[ 10 20 30 40 50 [ 10 20 30 40 50
Epoch Epoch

Figure 6. Training performance of the proposed iris recognition model on the IITD Iris Dataset.

Table 2. Performance on the CASIA Iris Interval V4 Dataset.

Model Year Accuracy Description

Fast Iris Recognition via Optimum 2021 95.40% PCA + DWT based feature extraction

Feature Extraction ’ method [20].

Biometric Authentication Hybrid 2024 95.07% Hybrid approach incorporating

Approach Using Iris & ECG ’ multi-modal biometric cues [10].

Iris-SAM: Iris Segmentation Using a 2024 96.94% SAM-based iris segmentation

Foundation Model ' providing robust iris boundaries [18].
Integrated MEEMD, dual CNN

Proposed Model 2025 97.0% (VGG16/ResNet152), and LBP with
PCA fusion.

Table 3. Performance on the IITD Iris Dataset.

Model Year Accuracy Description

CNN Based Iris Recognition System 2020 96.0% Baseline CNN model employing
(SSRN) = conventional feature extraction [21].
Biometric Authentication Hybrid 2024 97.18% Fusion of iris and ECG features for
Approach Using Iris & ECG % enhanced accuracy [10].
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Table 3. Cont.

Model Year Accuracy Description
Deep CNN-based approach
Deeplris Recognition (ArXiv) 2025 95.0% emphasizing hierarchical feature
extraction [15].
Iris-SAM: Iris Segmentation Using a 2024 94.34% Uses SAM-based segmentation as a
Foundation Model ’ precursor for feature extraction [18].
Hybrid framework integrating
Proposed Model 2025 98.0% MEEMD, dual CNNs, and LBP for

robust feature representation.

Table 4. Performance on the UBIRIS.v2 Dataset.

Model Year Accuracy F1Score Description
o o Semantic segmentation using
U-Net++ 2024 91.86% 90.87% refined U-Net architecture [3].
U-Net 2024 9178%  90.89%  orandard U-Net foriris
segmentation [3].
. . Dilated convolutions expand
fg;}ﬁﬁfé (()Irfs\]et with dilated 2024 — 94.81%  receptive field for blurry/noisy
UBIRIS images [3].
Hybrid MEEMD + VGG16 +
Proposed Model 2025 97.30% 96.11% ResNet152 + LBP with PCA

fusion for highly robust
representation.

4.3. Ablation Study

Using MEEMD alone yields limited accuracy (51.85%), while the inclusion of CNN
features boosts performance dramatically (92.59%). Local descriptors (LBP, HOG) improve

robustness modestly, reaching 64.44% and 67.41%. Hybrid combinations show clear syn-
ergy: MEEMD + LBP + VGG16 achieves 94.07%, while the substitution of HOG reduces
precision (88.15%). The local-only fusion (MEEMD+LBP+HOG) gives minor gains (71.11%).
The best performance, 97.29%, is obtained by integrating MEEMD, CNN/ResNet, and LBP,
confirming the complementary strengths of global and local features in achieving robust

iris recognition. The results are summarized in the Table 5 below:

Table 5. Ablation study results showing contribution of each feature extraction module.

Configuration

Accuracy

Observation/Contribution

VGG16 only

MEEMD only

MEEMD + pre-trained VGG16
MEEMD + LBP

MEEMD + HOG
MEEMD + LBP + VGG16

MEEMD + HOG + VGG16

65.00%

51.85%

92.59%

64.44%

67.41%

94.07%

88.15%

Baseline using only deep global features;
provides moderate discrimination, but remains
less effective without MEEMD-based statistical
descriptors and LBP-based local

texture features.

Baseline using only statistical descriptors; lacks
discriminative power.

Global semantic features from VGG16 provide
a major accuracy boost.

Local texture details improve robustness
slightly but remain insufficient without

global features.

Gradient-based local features outperform LBP
marginally but are still limited.

Local (LBP) and global (VGG16) features
provide strong complementary benefits.
VGG16 features dominate; HOG contributes
less than LBP in hybrid fusion.
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Table 5. Cont.

Configuration Accuracy Observation/Contribution

Local-only fusion improves over individual
MEEMD + HOG + LBP 71.11%  local descriptors but remains below

VGG16-based combinations.

Full integration of statistical, global (VGG16 +
MEEMD + LBP + VGG16 + ResNet 97.29% ResNet), and local (LBP) features achieves the

highest accuracy.

These findings unequivocally confirm that while each individual module contributes
to performance, the combination of statistical (MEEMD), global (CNN/ResNet), and local
(LBP) features is essential to achieve a robust and high-accuracy iris recognition system. As
shown in Table 6, VGG16 and ResNet152 provide complementary feature representations:
VGG16 extracts fine-grained local textures while ResNet152 captures deeper structural
information and global context [8]. Their fusion improves robustness and reduces model
overfitting in iris recognition [6].

Table 6. Comparison of VGG16 and ResNet152 for complementary feature extraction.

Component VGG16 ResNet152
Shallow, uniform stack of Very deep hierarchical
Network depth convolutional blocks architecture with 152 layers
Feature type Captures fine, localized textures Learns high-level semantic and
contextual structures
Gradient behaviour Simple flow; may suffer on SkIP cc?nnecnor.ls mitigate
deeper stacks vanishing gradients
. . Sensitive to micro-patterns Robust to global variations and
Representation bias
and edges structural changes
Provides detailed Provides abstract, discriminative

I fusi .
Contribution to fusion low-level descriptors global features

5. Discussion

The experimental results demonstrate that the proposed hybrid iris recognition frame-
work consistently outperforms benchmark methods in all datasets. In the IITD dataset, our
model achieves 98.0% accuracy, and it achieves 97.0% on CASIA and 97.3% on UBIRIS.v2.
These results clearly highlight the robustness of the approach under both controlled near-
infrared (NIR) and unconstrained visible spectrum (VIS) conditions, surpassing several
state-of-the-art baselines.

A key factor contributing to this strong performance is the dual deep-learning strategy.
VGGI16 is particularly effective in extracting fine-grained local details and subtle textures,
whereas ResNet-152 captures more abstract semantic information and contextual relation-
ships through its deep residual connections. The complementary nature of these networks
enables a balanced representation of both low-level and high-level iris features, while also
mitigating overfitting.

In addition to global deep features, local texture descriptors play a crucial role. Local
Binary Patterns (LBP) provide rotation-invariant micro-textural information, enhancing
discrimination in challenging imaging conditions where CNNs may overlook subtle de-
tails. This highlights the importance of incorporating handcrafted descriptors alongside
learned representations.
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Another significant contributor is the feature fusion mechanism. By integrating statistical
descriptors from MEEMD, deep global features from VGG16 and ResNet-152, and local fea-
tures from LBP—followed by dimensionality reduction via PCA—the framework produces
a compact yet highly discriminative feature vector. This comprehensive representation
explains the superior performance of the system across diverse datasets.

Finally, the framework demonstrates strong generalization capability. Its effectiveness on
both NIR datasets (IITD, CASIA) and the VIS dataset (UBIRIS.v2) confirms adaptability to
variations in illumination, noise, and acquisition environments. Such robustness is essential
for practical deployment in real-world biometric systems, where conditions are rarely ideal.

Overall, these findings suggest that the strength of the proposed framework lies not
in a single module but in the synergy between statistical decomposition, deep global
representations, and local descriptors. This integration yields a powerful and generalizable
iris recognition system, advancing the state of the art and paving the way for future
multimodal biometric applications.

6. Conclusions and Future Work

In this study, we proposed a novel hybrid iris recognition framework combining
deep learning and signal processing to enhance performance under challenging conditions.
The approach integrates statistical features from MEEMD, global features from pretrained
networks (VGG16 and ResNet-152), and local texture descriptors via LBP, resulting in a
compact, discriminative representation.

Experiments on IITD, CASIA V4, and UBIRIS.v2 datasets showed recognition accura-
cies of 98.0%, 97.0%, and 97.3%, respectively, surpassing several state-of-the-art baselines.
These results confirm the system’s robustness to noise, lighting changes, and complex
textures.Despite the strong performance, this work is limited to unimodal iris recognition.

Future work will integrate other biometric traits such as ECG and facial features for
multimodal authentication. We will also study cloud and edge deployments to assess
real-time performance, scalability, and adaptability. Additionally, model compression
will be explored for deployment on low-resource platforms. This research forms a solid
foundation for next-generation biometric systems with improved accuracy, interpretability,
and practical use in secure environments.
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The following abbreviations are used in this manuscript:

MEEMD  Multivariate Ensemble Empirical Mode Decomposition
CNN Convolutional Neural Network
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LBP Local Binary Patterns
PCA Principal Component Analysis
IMF Intrinsic Mode Function
SVM Support Vector Machine
NIR Near-Infrared
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