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Abstract: Iris verification has gained extensive attention because of its uniqueness, stability, and non-invasiveness. Deep learning techniques
have made significant progress in the field of iris verification. By using convolutional neural networks (CNNs) , features of iris images can be
automatically extracted and learned, enabling high-precision identity verification. However, challenges such as intra-class variability and limited
dataset size can compromise verification accuracy. To address these issues, we proposed an iris verification method based on dynamic data
augmentation and contrastive learning. Four data augmentation strategies were carefully designed for online iris enhancement and dataset
expansion, and the accuracy of iris verification was further improved by using data augmentation probability scheduler (DAPS) . The MobileNetV3
was employed as the backbone network, which was optimized with contrastive learning for 3-channel iris pairs. The proposed method was
evaluated on two benchmark iris databases, CASIA-V4-Interval and CASIA-V4-Thousand, achieving high accuracies of 99.85% and 98.82% ,

respectively. Experimental results demonstrate that the proposed method can achieve competitive performance with a small number of training

samples.

Key words: iris verification; contrastive learning; convolutional neural network (CNN) ; data augmentation

0 Introduction

Biometric recognition is a method used to verify identities
and can be used as a replacement for traditional identity
recognition methodologies such as passwords, keys, and
ID cards, which are easily lost or forged. Biometric
recognition can quantify and encode a person’s fingerprint,
voiceprint, brainwave, palm print, face, walking posture,
body or behavioral features, and has excellent anti-
forgetting and anti-loss characteristics. However, many
bodily features are at risk of coercion or forgery, and some
features will gradually lose effectiveness over time.
Compared with other biometrics, iris possesses many
advantages including uniqueness, randomness, stability,
and non-invasive acquisition. Once the structure of the iris
is formed, 1t stays stable during infancy and does not change
with the increase of age, making it unique for each
individual™.

Iris has been widely used in personal identity

verification due to its specificity, stability, and non-
(2]

invasiveness®. A complete iris recognition system
usually includes iris image acquisition, database
management, iris localization, segmentation,

normalization, feature extraction, and feature matching.

Feature extraction and feature matching are the core
parts of the recognition system and directly affect the
system’s performance.

In recent years, deep learning models such as
(CNNs) have been

utilized for iris recognition. CNNs are capable of

convolutional neural networks

extracting features from highly complex datasets, and
various techniques have been proposed to improve
CNNs, such as  batch

augmentation, regularization, dropout, and different

normalization, data

activation  functions. To reduce computational
complexity of CNNs, improved pre-training network
structures have been designed"’. Previous studies on iris
recognition have shown that neural network-based
methods can effectively learn the inherent features of iris
images™®, and outperform classical iris matching
methods such as IrisCode in terms of accuracy and
robustness'”.

In this study, we proposed an accurate and fast iris
verification method based on dynamic data augmentation
and contrastive learning. Contrastive learning™ was
adopted by transforming the original multi-class task into
MobileNetV3"®” was

employed as the backbone network for iris verification to

a binary classification task.

© The Author(s) 2024. Published by Publishing Center of North University of China. The articles published in this open access journal are distributed under the terms of the
Creative Commons Attribution 4.0 International License (http://creativecommons. org/licenses/by/4.0/), which permits use, distribution and reproduction in any medium,

provided the original work is properly cited.
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achieve a smaller network size and shorter inference
time. Multiple online data augmentation strategies were
designed to provide more training data without changing
the size of the training set. Moreover, the use of dynamic
data augmentation effectively mitigated the drawbacks of
traditional data augmentation. Experimental results
demonstrate that our approach can achieve competitive
performance with a small number of training samples.

Our contributions in this study can be summarized as
follows.

1) Proposing a contrastive learning-based iris
verification method, which is optimized for 3-channel
Iris pairs.

2.) Applying four effective data augmentation
techniques to perform online augmentation of iris images
and increase the data space in the training stage by adding
more negative examples and refreshing their
combinations.

3) Proposing the data augmentation probability
scheduler (DAPS) to further enhance the accuracy of
the model by dynamically adjusting data augmentation
probability during the training phase.

The remainder of this paper is organized as follows: In
Section 1, we review related works on iris recognition
and deep learning-based verification methods. Section 2
introduces our proposed iris verification method in detail.
In Section 3, we introduce the iris dataset used in our
experiments and analyze the experimental results.
Finally, Section 4 concludes the paper with a summary

of our contributions.

1 Related work

Effectively extracting iris features from iris images is
crucial for improving the accuracy of iris recognition.

Daugman et al. "

proposed the use of integro-
differential operator to determine the inner and outer
boundaries of the iris to obtain an iris template, which
was then normalized using Daugman's rubber sheet
model. 2D Gabor filter was subsequently used to encode
the iris template into IrisCode. The Hamming distance
between different IrisCodes was utilized to generate
recognition and verification results. Subsequently, more
handcrafted
proposed, including log-Gabor filter™, discrete cosine
transform (DCT) ", principal component analysis
(PCA) " gray level co-occurrence matrix
(GLCM) "™ local binary patterns (LBP) **!/, and
scale-invariant feature transform (SIFT) “"**. These

feature  engineering methods  were

well-designed feature extraction methods can achieve

significant performance under ideal conditions, but they
are difficult to achieve desirable recognition results when
dealing with non-ideal data such as blur, eyelash and
eyelid occlusion™**,

The powerful ability for feature extraction of deep
neural networks has been demonstrated by their
tremendous success in the field of computer vision. By
utilizing fine-tuning techniques to incorporate off-the-
shelf weights pre-trained on other large datasets,
overfitting caused by insufficient data can be effectively
avoided. Nguyen et al.”” adopted five pre-trained CNNs
for feature extraction and trained a support vector
machine (SVM) as a classifier, and then classified using
an SVM. The results demonstrate that weights pre-
trained on other large-scale datasets can be well-suited
for iris recognition tasks. Deep neural networks can also
be directly trained on iris datasets to generate an end-to-
end feature classifier. Gangwar et al.”™ used a carefully
designed convolutional neural network for feature
extraction and used softmax as the output layer of the
network, and stochastic gradient descent (SGD) as the
optimizer. Compared with traditional classifier methods,
this approach enables the classifier to directly learn from
iris datasets, making it more robust in cross-sensor and
cross-dataset experiments.

However, classifiers that utilize softmax as the output
layer can only recognize identity classes that have been
previously trained, which means that the networks must
be re-trained when a new class is added™”. Iris similarity
networks was developed by taking pairs of samples as
input and comparing the similarity between the two

“). During training, the dataset generated by all

samples
possible combinations of training samples is fed into the
neural network. Therefore, this approach can achieve
high accuracy with few training samples, and there is no
need to retrain when new classes are added. Nianfeng et
al.”” proposed a pairwise network that accepts two input
images from two heterogeneous sources. They used six-
fold data augmentation to correct rotation variance and
in  both

resolution and cross-sensor iris verification. Liu et al.®

achieved Cross-

]

competitive performance

proposed a hybrid framework approach to reduce the
computational burden of large-scale iris identification

scenarios.

2 Proposed method

The overview of the proposed iris verification
framework is shown in Fig. 1. Iris verification can be

considered as a binary classification task. First, iris
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images are preprocessed, then three preprocessed
images are selected according to specific rules and
combined into a 3-channal iris pair, which is stored in the
iris database. During training, the three images in each
iris pair undergo individual online data augmentation,
and the probability of data augmentation is dynamically

controlled by the proposed DAPS. Subsequently, the
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augmented 3-channal iris pairs are fed into CNN to
determine whether the images in the pair come from the
same eye. The four main components of the framework,
namely preprocessing, dynamic data combination,
online data augmentation, and CNN classification, will

be discussed in detail in the following sections.
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Fig.1 Overview of proposed iris verification framework

2.1 Preprocessing

As shown in Fig. 2, the preprocessing of iris images

involves four steps: Location and segmentation,

Normalization, enhancement, and transformation. We
utilized the open-source tool OSIRIS™®!
segmentation and normalization. OSIRIS recognizes the

to perform the

(c) Enhancement

(a) Location and segmentation

iris boundary and segments the iris region, then maps the
segmented image into polar coordinates to generate a
size-invariant iris band. In this study, all iris images are
normalized to a size of 103X 360 iris band, and to reduce
the interference from eyelids and eyelashes on
recognition, only the first 60 rows of the iris band are

retained.

(d) Transformation

Fig.2 Examples of the outputs of different preprocessing steps

Histogram (HE) gray

images to enhance the

equalization adjusts  the
distribution of normalized
contrast. This technique can reduce the impact of
different illumination environments on iris images, but it
may result in decreased details in bright and dark regions
for images with excessively concentrated gray values™.
Therefore, we used contrast limited adaptive histogram
equalization (CLAHE) ®  with

parameters to enhance the contrast of iris images and

carefully  tuned

preserve more details. Fig. 3 shows normalized images

with different enhancement methods, as well as their

corresponding gray-level histograms and cumulative

distribution  function (CDF)  curves. Experimental

results demonstrate that the use of CLAHE can achieve
a smoother gray-level distribution and significantly
improve accuracy.

In the transformation step, we first scaled the pixel
values of images to the range of (0, 1) and resized the
image to a resolution of 224X 224 pixels. To speed up
the convergence of the model, we transformed the image
data into a standard Gaussian distribution. Before
training, we randomly sampled the resized images from
the training set, and computed their mean and standard
deviation. Then, we normalized all resized images using

the pre-calculated mean and standard deviation.
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Fig.3 Illustration of gray histogram and CDF curve of different iris enhancement methods

2.2 Dynamic data combination

Contrary to the normal 2-channel iris pairs as input
images for contrastive learning, we proposed 3-channel
contrastive learning for iris verification. We used (X|,
(X1, X,,)) to represent the 3-channel iris pair, where X,
is considered as the base image and is fixed in channel O;
X, and X, are contrastive images from the same class of
different images, and are fixed in channel 1 and channel
2, respectively. In positive pairs, the base images and
the contrastive images are from the same class, while in
negative pairs, the base images and the contrastive
images are from different classes.

In existing public iris datasets, iris images from both
eyes of the same person are collected. But in actual iris
recognition scenarios, only one iris image is usually used
for recognition. According to our experimental findings,
iris images from both eyes of the same person are more
similar than iris images from both eyes of different
people. Hence, we consider iris images from both eyes
of the same person as different classes. But in negative
pairs, the base images and the contrastive images are not
from the same person.

Assuming there are C classes (from different people) ,
each class has P iris images, then at most C X P X P X
(P — 1) positive pairs and C X P X(C— 1)X P X(P —
1) negative pairs can be generated. Typically, the
number of negative pairs is far greater than the number of
positive pairs. To ensure the balance between positive
and negative sample numbers, we randomly selected
CXPXPX(P—1) the
condition of ensuring the same probability of occurrence

negative  pairs (under
for the base image) and all positive pairs to put into the
iris database.

To expand the diversity of negative samples during
training phase, we proposed a dynamic data combination
approach, which refreshes the iris database with new

negative pairs after a fixed number of training epochs.
This approach allows the neural network to encounter a
wider range of negative pairs without increasing the size
of the iris database. In our experiments, we refer to the
parameter controlling this refresh as “refresh epochs”.
Typically, different classes have equal importance,
and class balance is crucial for ordinary image
classification tasks. However, reducing the risk of
accidental unauthorized access is essential for iris
recognition tasks. Hence, we deliberately introduce
class imbalance by increasing the number of negative
pairs several times to improve the false rejection rate

(FRR) with a low false acceptance rate (FAR) .
2.3 Online data augmentation

Data augmentation is a prevalent strategy deployed in
the deep learning, aiming to enlarge the size of the
training dataset. By using this approach, the model is
capable of recognizing the data and its variations that are
not present in the original dataset, thus improving its
robustness and generalizability. The traditional data
augmentation approach involves generating new samples
from the existing data, which may require additional
storage space.

Online data augmentation addresses these limitations
by conducting the augmentation process in real-time,
during the training stage. This approach is helpful to
dynamically increase each batch of data fed into the
model, thus generating ever-changing and diverse
datasets. Furthermore, online data augmentation can
affect the model's performance in real-time.

The learning rate scheduler is a commonly utilized
optimization technique in deep learning. It enables the
automatic adjustment of the learning rate of a model
based on its performance during the training stage, thus
improving training efficiency and preventing overfitting.

Inspired by the learning rate scheduler, we proposed
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the DAPS to dynamically adjust the augmentation
probability during the training phase in a novel manner.
The DAPS significantly improves accuracy and stability
while reducing overfitting. In our work, we set the
probability of each augmentation method to be equal to
p, and adjust it during the training phase using the step
decay method, where the learning rate is decreased by a
fixed factor. The formula of p in training phase can be

{10(1@0 + PP Epoahmr)J
p()

10 ’

where p, denotes the initial augmentation probability, p,

expressed as :

= (M

denotes the final augmentation probability, Epoch..
denotes the current training epoch, and Epoch denotes
the total number of training epochs.

In this work, four augmentation methods were
designed to simulate changes in iris images under
different conditions, including horizontal shift, low
resolution, random mask, and vertical scale. The details
of each augmentation method are described as follows:

1) Horizontal shift

Due to head movement, two iris images from the
same eye may present a difference that rotates around the
pupil as the center. Since the iris image has been mapped
to polar coordinates, we simulated this difference by
horizontally shifting the iris image. Fig.4 depicts the iris
images after horizontal shift. The horizontal shift amount
will be randomly selected within [ — 45, 45], meaning
that it can simulate an iris rotating clockwise or
counterclockwise by up to 45° . An example of the

horizontally shlfted iris 1mage is shown in Flg 4(b).

% M W

{ ,p
|}{f ]I i

Fig. 4
(a) an example of the preprocessed original iris image. (b),

Output examples of four augmentation methods.

(¢) and (f) are examples of iris images after applying
horizontal shift, low resolution, and random mask,
respectively. (d) and (e) are two examples of vertical scale,
where heights of images are #/=168 and #=280, respectively

2) Low resolution

When the subject is too far away from the iris camera
during acquisition, the iris may occupy a smaller
proportion in the image, resulting in a lower clarity of the
normalized iris image. To better overcome the impact of
varying acquisition distances, we simulated low-quality
iris images by reducing the clarity of iris images. Firstly,
we reduce the size of the iris image to a 112X112
and then increased it to a 224X224

resolution without using any interpolation methods. The

resolution,

iris image after reducing the resolution is shown in
Fig.4(c).

3) Vertical scale

To mitigate the impact of distortions in iris images
caused by changes in shooting angles, iris segmentation
algorithm imprecision, pupil constriction, and so on, we
performed vertical scaling on a portion of the iris image,
either stretching or compressing it. We randomly
selected an image segment of width wé€ [75, 224] and
scale the height & of the image from the original 224 to
[168, 280]. All scaling operations were performed using
bilinear interpolation. If the height of the iris image was
reduced, the missing parts were filled with the original
image. Fig.4(d) and (e) show examples with A = 168
and h = 280, respectively.

4) Random mask

To mitigate the impact of obstructions such as glare
and debris on iris images and improve model robustness,
we implemented random masking of the images with a
75X 75 mask. The mask pixel values v€ [Upn, Unul,
where v,,;, is the minimum pixel value in the iris image
and v,,, 1s the maximum pixel value in the iris image.
The resulting iris image after random masking is shown
in Fig.4 (1) . It is noteworthy that when the mask partially
extends beyond the boundaries of the iris image, the
portion of the mask beyond the boundary is automatically
wrapped to the other side of the iris image.

2.4 Network architecture

Due to the requirement for real-time recognition and
the limited computational capabilities of edge devices
used for iris recognition in practical applications, we
chose MobileNetV3 for iris recognition, which is
designed specifically for mobile devices. MobileNetV 3
could achieve high classification accuracy and fast
recognition speed while requiring low computational
resources. The network architectures used in this
experiment are two versions of MobileNetV 3, namely
MobileNetV3 small and MobileNetV3 large. The

difference between the two versions mainly lies in the
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scale and complexity of the network, and its trade-off
between computing resources, speed and accuracy.
MobileNetV3 Small is a lightweight version, which is
suitable for mobile devices or edge devices with limited
computing resources. It usually has fewer parameters
and less computation, so as to achieve faster reasoning
speed in the resource-limited environment, but it may
sacrifice some classification accuracy. MobileNetV3
Large is a larger and more complicated version, usually
with more parameters and calculation. It may show
higher classification accuracy in some cases, but it needs
more computing resources and inference time
accordingly. We used SGD as the model optimizer, with
momentum and weight decay set to be 0.5 and O,
respectively. The learning rate starts from 10 “and
decreases to 107’ over 700 epochs, controlled by a

cosine annealing schedule.

3 Experiments and analysis

3.1 Datasets

To validate the effectiveness of our proposed method,,
we conducted a series of experiments on two publicly
available iris databases: CASIA-V4"'-Interval and
CASIA-V4-Thousand™. We partitioned each dataset
into training and testing sets, ensuring that the classes in
the training set and testing set are non-overlapping.

CASIA-V4-Interval is one of the most widely used
publicly available iris datasets with high quality images,
which contains 2 639 images from 395 eyes. Since the
number of images per class (eye) is different, we
selected the first 8 images from classes with 8 or more
images for the training set, and the first 6 images from
classes with 6 or 7 images for the training set.
Therefore, the training set consists of 93 classes with a
total of 774 images, while the testing set consists of 193
classes with a total of 1 158 images.

CASIA-V4-Thousand is the first publicly available
iris dataset with one thousand subjects, containing

20 000 images from 2 000 eyes, with 10 images per
class. We selected the right eyes of the first 600 subjects
for our experiments. Compared to CASIA-V4-Interval,
CASIA-V4-Thousand introduces more challenges to
iris recognition algorithms due to the presence of
glasses, specular reflections, and other interferences.
After removing some classes that OSIRIS failed to work
properly on, we kept 476 classes and selected the first 8
images from each class. We uniformly sampled 150
classes from the 476 classes as the training set and the
remaining 326 classes as the testing set.

3.2 Performance evaluation

To comprehensively evaluate the performance of the
proposed iris verification algorithm, we adopted
accuracy, equal error rate (EER), FAR, and FRR as
the evaluation metrics. In the testing phase, we set the
ratio of positive and negative samples to 1 : 3 to properly
reflect the performance of the algorithm. Unless
otherwise specified, the hyper parameters in the training
CASIA-V4-
Interval, Training classes—=40, Training epochs=700,

phase were set as follows: Dataset:

Positive samples: Negative samples=1:1, DAPS: p,=
0.3, p,=0, and Refresh epoch=1.

We evaluated the feature extraction ability of our model
by adjusting the number of classes in the training set. Table
1 shows the results of our method on different datasets and
models. It can be observed that our method achieved
excellent performance even with a small number of training
samples, and achieved the best EER of 0.16% and 0.84 %
on CASIA-V4-Interval and CASIA-V4-Thousand,
respectively. Although MobileNetV 3 Large achieved the
best accuracy, MobileNetV3 Small performed better in
more cases. The performance gap between the two models
1s not obvious, and the model choice also needs to consider
the performance limitations of the actual deployment
terminal. Considering the weak computing power of the
edge side, MobileNetV3 small may be a better choice in
most cases.

Table 1 Experimental results on different datasets, models, and number of training classes

Model Dataset TraimingTSWE pan Acewey/% BER/% TRRGUART  FREGEARS
MobileNetV3 large  CASIA-V4-Interval 10 193 1:3 99.19 0.81 1.79 37.55
MobileNetV3 large  CASIA-V4-Interval 20 193 1:3 99.54 0.47 0.85 4.44
MobileNetV3 _large  CASIA-V4-Interval 40 193 1:3 99.85 0.16 0.19 0.55
MobileNetV3 _large  CASIA-V4-Interval 93 193 1:3 99.78 0.19 0.23 0.42
MobileNetV3_small CASIA-V4-Interval 93 193 1:3 99.83 0.16 0.18 0.30
MobileNetV3 _large CASIA-V4-Thousand 93 326 1:3 98.67 1.01 2.00 3.62
MobileNetV3_small CASIA-V4-Thousand 93 326 1:3 98.20 1.25 2.82 5.57
MobileNetV3 _large CASIA-V4-Thousand 150 326 1:3 98.53 0.99 2.06 3.85
MobileNetV4 _small CASIA-V4-Thousand 150 326 1:3 98.82 0.84 1.56 2.84
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As mentioned earlier, the iris enhancement method
has a significant impact on the performance of the model.
Table 2 shows the results under different enhancement
methods. Compared to HE and no HE, CLAHE can
bring huge performance improvements, especially in the
two metrics of FRR@FAR=0.1% and FRR@FAR=
0.01%.

Table 2

enhancement methods

Performance comparison of different data

CLAHE 99.75 0.24 0.37 0.99
HE 98.85 1.10 4.33 79.43
no HE 96.56 3.12 73.52 98.50

Fig. 5 illustrates the impact of positive-to-negative
sample ratio and refresh epoch on model performance.
When the number of training classes is low, imbalanced
datasets can have a positive effect on model
performance. However, this effect may not be as
effective when training with a larger number of classes.
Moreover, it could be observed that a faster refresh rate
for data combination leads to better performance in

Table 3.

97

M P:N=1:1

Il P:N=1:2

96 . P:N=1:3
=
S
1l
=
<
=
®
=
=
=

10 20 40 93

Training classes

Fig. 5 Ablation experiments conducted on different positive-
to-negative sample ratios

Table 3 Ablation experiments conducted on different refresh
epochs

Training Refresh FRR@FAR= FRR@FAR=

Accuracy/ % EER/ %

classes  epoch 0.1%/% 0.01%/%
40 1 99.75 0.24 0.37 0.99
40 5 99.70 0.34 0.54 1.14
40 25 99.70 0.32 0.53 1.07
40 140 99.61 0.45 0.72 1.94
40 0 99.38 0.46 0.90 42.09

We further investigated the impact of different
parameters of DAPS on the model performance. Fig. 6
illustrates the data augment probability curve of DAPS

with different parameters during the training phase, and

the results are presented in Table 4. In particular, when
po=p;, 1t means that the data augment probability
remains unchanged during the training phase. We found
that the most important thing for achieving good results
is to lower the p; to 0 before the end of training, which
means setting p;=0. The second most important thing is

to set an appropriate p,.

04}
— p,=0.4,p=0.1
— p,=0.3,p,=0
— p,=0.2,p,=0

0.3 —— p=0.2,p,=0.2

2 0.2
0.1
0k 1 1 1 I I 1
0 100 200 300 400 500 600 700
Epochs
Fig. 6 Data augment probability curves for different

parameters during training phase

Table 4 Ablation experiments of different DAPS parameters

FRR@FAR FRR@FAR

No. DAPS Accuracy/ % EER/% —0.1%/% —0.01%/%
0 py=05, p=0  99.67 0.35 0.66 2.77
1 py=04, py=0  99.64 0.40 0.67 1.64
2 p=04,p=01  99.35 0.56 1.20 44.09
3 p=03, p=0  99.75 0.24 0.37 0.99
4 p=03,p=01  99.21 0.73 1.78 78.94
5 p=02,p=0  99.70 0.35 0.52 111
6 p=0.3, p,=03  99.36 0.39 0.93 56.83
7 p=02, p=02  99.32 0.41 0.93 76.63
8 py=0.1,p=0.1  99.39 0.33 0.65 32.88
9 p=0, py=0 99.03 0.84 1.65 3.30

Although the experimental results demonstrate that
our data augmentation method is effective in improving
accuracy, high data augment probability can lead to an
increase in FRR@FAR=0.01%. DAPS solves this
problem by dynamically adjusting the data augment
probability during the training phase.

As shown in Table 5, we conducted a comparative
analysis against other algorithms for a comprehensive
evaluation of the performance of our proposed method.
Our  proposed approach demonstrated  superior
performance on two distinct datasets in comparison to
other algorithms. Notably, our approach achieved
enhanced performance while utilizing datasets with
smaller sizes as compared to the algorithms being

compared.
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Table 5 Comparison of the performances of proposed method with other algorithms

Studies Year Method Evaluation protocol EER/% FRR@FAR=0.1%/%
Othman etal™ 2016 Triscode CASIATVA Thousand: 602 classes 3.5
(Test: 602)
CASTA-V4-Interval: 2 000 classes
. [32] (- « ~
Proenca et al. 2019 VGG-19 based CNN (Train: 1000, Test: 1 000) 3
. . CASIA-V4-Thousand: 1 000 classes
[33]
Kien et al. 2020 NAS (Train: 700, Test: 300) 1.54
3 CASIA-V4-Thousand: 1 000 classes
: [34] N -
Wei et al. 2021 CUL (Train: 900, Test: 100) 0.85 2.29
. CASIA-V4-Interval: 233 classes
(28] ~ < - ~
Liu et al. 2021 Condensed 2-ch CNN (Train: 33, Test: 200) 0.76 1.24
CASTA-V4-Interval: 233 classes
(Train: 40, Test: 193) 0-16 0-19
Proposed Method 2023 DAPS
CASIA-V4-Thousand: 476 classes 0.84 1.56

(Train: 150, Test: 326)

4 Conclusions

In this study, we proposed an iris verification method
based on dynamic data augmentation and contrastive
learning. The MobileNetV3 was employed as the
backbone

contrastive learning under 3-channel iris pair scenarios.

network, which was optimized with
To enhance the robustness of the model, four effective
data augmentation strategies were employed to perform
online enhancement of iris images, and contrast limited
adaptive histogram equalization was utilized to extract
more detailed iris features. Data diversity was enhanced
in the training phase by increasing the number of negative
examples and refreshing the combination of negative
examples. Moreover, we further improved the accuracy
of the model by using the proposed DAPS. DAPS can
not only ensure the improvement of model robustness,
but also reduce the interference of noise. The proposed
method maintains high performance under low training
sample size conditions, achieving competitive accuracies
of 99.85% and 98.82% on CASIA-V4-Interval and
CASIA-V4-Thousand, respectively.
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