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Research and System Implementation of Iris Recognition

Algorithm Based on ResNet

Abstract

Iris recognition, a biometric identification technology, is widely acknowledged
for its remarkable reliability, accuracy, and security, owing to its utilization of the
distinct patterns and texture features present in the iris of the human eye. Its extensive
testing and application across various social fields have made a substantial
contribution to social development.

While iris recognition plays a crucial role in iris systems, there are still some
limitations in current research on iris recognition technology. Firstly, iris recognition
algorithms based on deep learning primarily rely on regular convolutions for feature
extraction, neglecting the interdependencies between channels. This leads to a lack of
capability in extracting crucial adjacent feature information and results in weak
representational power of the network structure. Secondly, current network structures
fail to take the feature map information distribution into consideration, which hampers
the ability to effectively prioritize the extraction of relevant information during the
feature extraction process. Finally, in the pursuit of better recognition performance,
the most existing model designs have become increasingly complex, resulting in high
hardware and computational resource requirements. As a consequence, it imposes
great limitations on their deployment in resource-constrained environments or on
devices with limited processing capabilities. The primary objective of this paper is to
conduct an in-depth survey of iris information, design a more efficient iris recognition
algorithm, and deploy it on mobile platforms. The main contributions of this paper are
as follows:

1. This study employs an Enhanced Super-Resolution Generative Adversarial
Network (ESRGAN) for preprocessing normalized iris images. This study enhances

the feature representation capability by incorporating multi-level residual dense



connection modules and improves the restoration of image details using a perceptual
loss function. Experimental evaluations conducted on the JLU-V6.0 dataset
demonstrate the effectiveness of ESRGAN in enhancing iris image quality and
restoring fine details.

2. This paper introduces a novel network architecture called Iris-ResNest, which
utilizes ResNetl01 as the backbone network with specific modifications and
enhancements. Firstly, three consecutive 3x3 convolutional layers are used in place of
ResNet101’s initial 7x7 convolutional layers. This replacement preserves the same
receptive field while reducing the parameter count. Secondly, the Self-Calibrated
Convolution (SCC) is introduced to replace the second 3x3 convolution layer in
ResNet101, which extends the receptive field of each convolution layer and improves
the feature extraction and fusion ability of background information around the iris.
Thirdly, the paper introduces the Split Attention mechanism to improve the backbone
network. It assigns weights to different channels to effectively extract detailed iris
information, allowing the model to explore more intricate iris information across
different feature channels. Fourthly, this paper proposes a joint loss function
specifically for Iris-ResNest. This function combines the L-Softmax Loss and Center
Loss, where the constraint coefficients are controlled to increase inter-class distances
and decrease intra-class distances.As a result, it effectively enhances the model's
discriminative ability towards different iris categories and differentiation of distinct
iris features. Through comparative experiments on publicly available datasets, the
effectiveness of Iris-ResNest has been validated.

3. This article introduces knowledge distillation technology to improve the

performance of the lightweight model MobileNetV3 and conducts research. Fir
stly, this article proposes an entropy reduction optimization algorithm to optimi
ze the knowledge distillation process, reduce the information entropy complexit
y of the teacher network, retain useful information in the soft labels, and remo
ve useless information to increase the proportion of useful information in the t
eacher model soft labels in knowledge distillation. Secondly, this article conduc

ted experimental analysis on the public dataset to verify its superiority and effe
v



ctiveness. Finally, this article integrates the distilled MobileNetV3 onto the mob
ile end and develops an iris recognition application running on a mobile phone

to verify the practicality of the algorithm.

Keywords:Iris Recognition, Deep Learning, ResNet101, Iris-ResNest, Knowledge

Distillation, MobileNetV3
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