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The multi-modal fusion recognition of iris and eye area can effectively improve the performance of biometric
recognition in complex scenes by integrating texture and structural information. To address the difference in
multi-modal heterogeneous feature expression and insufficient information utilization in existing fusion methods,
this study proposed an iris eye depth fusion model based on adaptive Gabor feature weighted fusion. The model
constructed dual-stream convolutional network architecture, introduced a Gabor filter with learnable parameters
in the feature extraction front-end to enhance texture representation capabilities, and combined a bidirectional
cross-modal attention mechanism to achieve adaptive fusion of the two modal features. The results showed that
the recognition accuracy on the dataset from Iris Image Database (version 4) of the Institute of Automation,
Chinese Academy of Sciences (CASIA-IrisV4) reached 99.5%, and the equal error rate was reduced to 0.5%, which
was better than the single-modality recognition method. In degraded scenarios such as blur and occlusion, the
equal error rate of the fusion model was controlled within 1.0%, showing excellent robustness. Compared with
existing research, this model effectively addressed heterogeneous feature expression differences and insufficient
information utilization through the learnable Gabor filter and attention fusion mechanism.
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Introduction uniqueness, stability, and resistance to theft or
loss [2]. Among many biological characteristics,
In today's rapid development of the information iris recognition is often considered to be one of
age, reliable identity authentication technology the most accurate biometric technologies due to
has become the cornerstone of ensuring national its extremely high uniqueness and stability over
security, social order, and personal privacy [1]. the life course [3].
Biometric identification technology has been
widely used in fields such as security monitoring, Many studies have been done on this topic. He et
financial payment, entry and exit management, al. proposed an enhanced heterogeneous iris
and smart device unlocking due to its inherent verification model and verified that its
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recognition accuracy reached 99.88% on the
dataset, which outperformed the comparison
algorithm [4]. Li et al. developed a testing
method and optimization strategies to address
the image quality fluctuations in high-throughput
iris recognition, providing valuable insights for
algorithm development [5]. Zambrano et al.
proposed an iris recognition method that
combined low-pass filter and adaptive threshold
coding, which significantly improved the
performance [6]. However, single iris recognition
is susceptible to occlusion and deception. Some
studies complement each other by fusing two or
more biometric features. The periocular area is
anatomically adjacent to the iris and can be more
easily obtained when partially obscured by the
iris, therefore, periocular recognition is often
combined with iris recognition [7]. Gupta et al.
developed a real-time system based on machine
learning for driver drowsiness detection to
generate alerts through eye tracking [8]. Pi et al.
improved facial recognition under mask
occlusion with the recognition accuracy
increased by 4 - 6% and more efficient [9]. Multi-
modal and Other Multi-biometric Fusion (MOMF)
technology provides new solutions to improve

the reliability, security, and applicability of
identification systems by integrating
complementary information from multiple

biometrics [10, 11]. Many researchers have
launched investigations into it. Singh et al.
proposed a security method based on MOMF,
encryption, and watermarking in response to the
urgent need for copyright protection and privacy
leakage in digital image transmission and
storage. The method showed high security and
strong attack resistance with its concealment and
robustness reaching 62.83% and 25.16% higher
than those of the existing solutions [12]. Ryu et
al. studied the problems inherent in a single
biometric system, as well as the insufficient
research on the fusion of facial and keystroke
biometrics and the lack of heterogeneous multi-
modal adaptability. The study first compared
feature/score level fusion and then proposed
hybrid strategies such as dual-path adaptation.
Verified by three virtual datasets, dual-path
adaptation had the highest accuracy, highlighting
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the key role of the adaptation strategy [13]. Since
its sensitivity to local texture features, Gabor
transform can effectively alleviate the expression
differences between heterogeneous features by
extracting detailed information at different
scales and directions. Muzaffar et al. proposed a
texture classification method based on Gabor
filter to improve the anti-noise capability by
rearranging filter responses, energy threshold
binarization, and histogram feature extraction.
The verification results were better than other
advanced methods [14]. Zhao et al. proposed a
lightweight grouped separable convolutional
network combined with Gabor filter to address
the large number of parameters and insufficient
adaptability of semantic features of the
Convolutional Neural Network (CNN) in
hyperspectral image classification. On four real-
world datasets, the model showed low training
and memory overhead and competitive
classification accuracy with few samples [15]. Fan
et al. developed an aligned multi-level Gabor
convolutional network to integrate insights from
traditional methods and build a new database.
On six benchmark datasets, its performance was
better than other popular methods [16].

MOMF can effectively integrate multi-source
biological feature information, but single iris
recognition is susceptible to interference in
complex scenarios. Existing multi-modal fusion
methods still do not fully utilize the expression
differences between iris and ocular
heterogeneous features [17]. To address the
heterogeneous feature expression differences
and insufficient information utilization, this study
proposed an adaptive Gabor CNN iris eye fusion
model (AGCNN-IFPM) within the MOMF
framework. A dual stream CNN architecture was
constructed, and learnable Gabor filters were
introduced at the front end to enhance texture
representation, achieve adaptive weight
allocation, and fuse feature layers through a
bidirectional cross-modal attention mechanism,
thereby more effectively extracting and fusing
complementary information between the two
modalities. This study provided an effective
multi-modal fusion scheme for improving the
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robustness and security of identity recognition
systems in complex scenarios.

Materials and methods

Single modality recognition of iris and periorbita
During the iris recognition process, the input
image was first preprocessed. Then, based on
Daugman's rubber sheet model, the circular iris
was transformed from the Cartesian coordinate
system to the polar coordinate system and
normalized into a rectangular texture image.
Gabor filters were used to extract texture
features, and the recognition was completed by
calculating the distance between the feature
vectors. The core task of the preprocessing stage
was iris positioning and normalization [18]. For
the annular characteristics of the iris, this
method first used calculus-based circle detection
technology for preliminary positioning and then
used the gradient integration method to
calculate the gradient along the radial direction
and perform circular integration. The circle
corresponding to the maximum integral value
was used as the iris boundary as follows.

max
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where (xg,yo) was the coordinate of the pupil
center and the reference point for iris
positioning. r was the radius that defined the
spatial extent of the iris boundary. * was the
convolution symbol, used to illustrate the
Gaussian smoothing process. G, was a Gaussian
smooth function, which smoothed the image to
suppress noise and improve the robustness of
gradient calculation. I(x, y) was the human eye
[(ZxT’ry)ds was the grayscale integral on
the circular outline with (xy,y,) as the center

image.

.9 . I
and r as the radius. 5, was the partial derivative
of the radius r, that was, calculating the rate of
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change of the average gray level on the circular
path when the radius changed slightly. The
algorithm traversed all possible circle center
coordinates and radii in the image. For each
group (7, xg,Yyy), the grayscale average of the
circular path under the radius was calculated,
and then the gradient of this average as the
radius changes was observed. When the circular
path moved from the inside of the pupil to the iris
texture area, the grayscale would change
drastically, and the gradient would reach a
maximum value. The position corresponding to
this maximum value was considered to be the
boundary of the iris. After successfully locating
the inner and outer boundaries of the iris, the
annular iris area needed to be expanded into a
rectangular image of a fixed size and normalized
to eliminate geometric inconsistencies caused by
translation, scaling, and rotation. This study used
Daugman's rubber sheet model to convert the iris
from the Cartesian coordinate system (x,y) to
the polar coordinate system (r, 8). Its coordinate
transformation formula was shown below.
{x(r, 0) = xo +1-cos(0) 2)
y(r,0) =yy +1-5in(0)

where r was normalized within the interval
[0,1]. O corresponded to the inner boundary,
while 1 corresponded to the outer boundary. 8
belonged to [0, 2rr]. Through this mapping, the
original annular iris was converted into a fixed-
size rectangular texture image, which facilitated
subsequent feature extraction and comparison.
A Gabor filter was used to extract iris texture
features, and iris recognition was conducted by
calculating the distance between feature vectors.
The periocular area referred to the surrounding
area around the eyes including the upper and
lower eyelids, canthus lines, eye sockets, etc. This
area contained rich identification information
and was often more accessible than the iris under
partial occlusion or non-cooperative conditions.
The periorbital recognition was divided into four
stages including image acquisition and eye
detection, extraction and preprocessing of the
region of interest (ROI), feature extraction, and
feature matching and recognition. In the image
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acquisition and eye detection stage, after the
digital image containing the face was captured
through the camera, the face detection algorithm
was first used to determine the facial area. Then,
the position coordinates such as the corner
points of the eyes and the center of the pupil
were accurately calibrated through sophisticated
key point positioning technology. After
successfully locating the eye area, the process
entered the periorbita ROl extraction and
preprocessing stage. Based on the located key
points, the system automatically cut out a
rectangular area containing the upper and lower
eyelids, eye wrinkles, and surrounding skin
texture according to preset rules, and performed
illumination normalization on it as below.

I-u
o+ée

Lnorm = (3)
where | was the original ROl image. 4 and o
were its mean and standard deviation. £ was a
small constant set to prevent division by zero.
The preprocessed image automatically learned
the multi-level feature expression of the
periocular area through a neural network based
on Gabor filtering, thereby fully mining the subtle
texture and geometric structure information. It
extracted local texture, edge direction, and
spatial context features step by step through
multi-scale convolution layers, and combined
batch normalization and activation functions to
enhance feature discrimination capabilities.
Finally, the high-dimensional feature vector was
output, which effectively represented the
uniqueness of the individual eye periphery and
provided a reliable basis for subsequent
matching and identification. In the feature
matching and recognition stage, the similarity
between the extracted feature vector and the
pre-stored template in the database was
calculated, and identity verification decisions
were made based on the threshold comparison
results.

Multi-modal iris and periocular depth fusion
model construction
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This study explored improved methods to
overcome the current shortcomings of iris
recognition and periocular area by proposing an
Adaptive Gabor CNN-Iris-Periocular Fusion
Model (AGCNN-IPFM). By combining the Gabor
filter with biological vision mechanism and the
powerful deep CNN and fully exploiting the
complementary information of the two
modalities through adaptive deep fusion at the
feature layer, the texture features of the iris and
periocular area could be more effectively
extracted and fused. The proposed model was
divided into four parts including data input,
Gabor-enhanced dual-stream feature extraction
network, multi-modal deep fusion module, and
joint recognition output module (Figure 1). In the
data input stage, the normalized iris and
periocular ROl images were input. The iris image
was accurately positioned, and polar coordinate
was transformed to a unified size of 64 x 512
pixels, ensuring that the iris texture was
completely preserved. The periocular ROI area
was expanded and cropped with the iris as the
center, and the size was standardized to 224 x
224 pixels, completely including the upper and
lower eyelids, eye corners, and other
discriminative feature areas. All input images
were grayscale normalized, and histogram
equalized to eliminate the effects of illumination
differences. In the Gabor-enhanced dual-stream
feature extraction network, the Gabor filter with
biological rationality was introduced to enhance
the CNN's ability to extract texture features. The
dual-stream parallel structure was used to
process biological features of different
modalities. The Gabor enhancement module was
divided into two independent feature extraction
branches. Its first convolutional layer was
enhanced to a Gabor convolutional layer. The
Gabor filter had direction selectivity and
frequency selectivity and could simulate the
response characteristics of the human visual
system to texture. The calculation was shown
below.

x!2+.y2y!2
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Figure 1. Model flowchart.

where (x,y") was the rotated coordinate. 1 was
the wavelength of the sine function. 8 was the
direction. 1 was the phase offset. ¢ was the
standard deviation of the Gaussian envelope. y
was the spatial aspect ratio. Initial convolution
kernel was multiple Gabor filters of different
directions and scales, and their parameters were
fixed during the training process. The parameters
of the Gabor filter were used as network
trainable variables, which allowed the network to
adaptively optimize filters based on iris and
periocular recognition, allowing it to learn the
most effective texture representation from the
data. The iris branch was built based on the
lightweight Residual Network (ResNet) and used
the inverted residual bottleneck module to
ensure feature expression capabilities while
controlling computational complexity. The
periocular branch also used the ResNet-18
architecture, using residual connections to
ensure effective propagation of deep features.
The two branches were re-calibrated in different
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Embedding

scale spaces. The modulation coefficient S was
generated by the fully connected layer. The
calibration formula was shown as follows.
Bs = FC(GAP(F,)) (5)
where F; was the feature map at the s-th scale.
GAP was global average pooling. FC was the
fully connected layer. The modulated multi-scale
features were fused through weighted
summation as below.

Fns = Z§:1 Bs - Up(K) (6)
where § was the number of scales. Up was the
up-sampling operation. The multi-modal deep
fusion module adopted a Bidirectional Cross-
Modal Attention Mechanism (BiCMAM), taking
into account the guidance of iris features to
periocular features and the guidance of

periocular features to iris features. BICMAM first
input the iris features and the periorbital features
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separately, enhancing the local context modeling

ability through horizontal and vertical
neighborhood perception. Then, it sent them to
IrisNet and PeriNet for deep encoding,

respectively. Finally, it passed through a linear
layer and output through Softmax. Given the iris
features and periocular features, the cross-modal
attention weight was calculated as follows.

(FirisWQ)(FperiWK)T

AiTiS*peri = Softmax( ik ) (7)
(F iWo)(FirisW )T
Aperi—n'ris = Soft max( pert (i/d_ktrls K

where Fj,;c was the iris feature. Fy.; was the
eye periphery feature. W, and Wy were the
projections of the query and key. d, was the
dimension of the key vector. The feature
enhancement based on attention weight was
shown below.

{Firis = Fipis + Aperi—»iris (FperiWV) (8)
Fperi = Fperi + Airis—>peri (FirisWV)

where W}, was the projection matrix of values.
Based on the deep fusion of features, the system
further introduced a meta-decision mechanism
as follows.

w = Sigmoid(FC,(Re L U(FCy(GAP (Frys¢a)))))(9)

where w was the modal weight vector. By
analyzing the modal reliability under different
environmental conditions, the system could
adaptively adjust the final decision-making
strategy. The joint recognition output module
was the final decision-making link of the multi-
modal deep fusion system, which converted the
deep fusion feature representation into reliable
identity recognition results. It used fully
connected layers and activation functions to
eliminate redundant information and retained
the most discriminative feature elements.

Experimental setup and evaluation methods

To comprehensively evaluate the performance of
iris and periocular recognition technology, this
study conducted an in-depth analysis from
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multiple dimensions including recognition
accuracy, F1 score, Area Under the Curve (AUC),
Equal Error Rate (EER), False Acceptance Rate
(FAR), and True Positive Rate (TPR). Recognition
accuracy referred to the proportion of correctly
predicted samples to the total sample size. F1
value was the harmonic average of precision and
recall, used to measure the comprehensive
recognition ability under class imbalance
conditions. AUC value reflected the overall ability
of the model to distinguish positive and negative
samples within the entire threshold range. EER
was the error rate when the false acceptance rate
and false rejection rate were equal, used to
measure the balance between system security
and convenience. FAR referred to the proportion
of unauthorized samples accepted incorrectly
among all unauthorized samples. TPR referred to
the proportion of correctly accepted authorized
samples to all authorized samples. The
experiment used high-precision acquisition
equipment and diverse datasets to ensure
comprehensiveness and accuracy of evaluation,
while following standardized testing protocols to
minimize interference from external variables.
The hardware environment of the experiment
was Windows 10 operating system, Intel Core i7-
13700KF processor, and 32 GB of RAM. Python
3.6 (https://www.python.org/) and Global
Mapper 24 (64-bit) (Blue Marble Geographics
Company, Harlowe, Maine, USA) were used in
the research. Data processing was carried out
using Pandas 2.1.0 (https://pandas.pydata.org/).
These configurations provided a reliable
benchmark for subsequent performance
comparisons. This study utilized a subset of the
fourth edition of the Iris Image Database of the
Institute of Automation, Chinese Academy of
Sciences (CASIA-IrisV4) (http://english.ia.ac.cn/
db/201610/t20161026 169399.html), which
contained 600 iris images, covering samples
under different individuals, lighting conditions,
and collection equipment to ensure data
diversity and representativeness. All images were
preprocessed, unified in size of 224 x 224 pixels,
and divided into training set, validation set, and
test set at a ratio of 8:1:1. To verify the
contribution of each module to the model
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performance, this study designed ablation
experiments with five sets of experimental
conditions. Experiment 1 was a baseline dual
stream network that used simple feature cascade
fusion without using Gabor filters. Experiment 2
introduced a fixed parameter Gabor filter at the
front end of the baseline network for feature
extraction. Experiment 3 further set the Gabor
filter parameters to trainable. Experiment 4 only
added bidirectional cross-modal attention fusion
mechanism on the basis of baseline network,
without using Gabor layer. Experiment 5
introduced both learnable Gabor filters and
attention fusion mechanisms, namely the
complete AGCNN-IFPM model. By comparing EER
and other indicators in the five experiments
mentioned above, the learnability of Gabor filters
and the gain of attention fusion strategy on
recognition performance were quantitatively
analyzed. Subsequently, to evaluate the
robustness in degraded scenarios, this study
constructed four types of degraded subsets
including blur, occlusion, pose changes, and noise
based on the CASIA-IrisV4 test set. The fuzzy
subset was obtained by processing the image
with Gaussian blur kernel (o = 3.0). The occlusion
subset randomly covered a 50 x 50 pixel black
square around the eye area to simulate
occlusion. Arandom rotation of + 15° was applied
to the image based on the posture change
subset. The salt and pepper noise with a density
of 0.05 was added to the noise subset. Each
degraded subset maintained the same sample
distribution as the original test set, used to test
the performance of the model under non-ideal
conditions.

Results and discussion

Iris and periorbita recognition effect

This study compared AGCNN-IPFM with Visual
Geometry Group-16 (VGG16) [19], Alex Deep
CNN (AlexNet) [20], and Lecun CNN (LeNet) [21]
on single-modality recognition. The effectiveness
of iris recognition demonstrated that, as the
number of iterations increased, the accuracy of
each model showed an upward trend. AGCNN-
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IPFM achieved the highest accuracy of 86.2%
after 300 iterations, which was the best
performance followed by AlexNet and VGG16.
LeNet performed the worst with slow
improvement in accuracy and low overall
accuracy (Figure 2a). The loss of the Tl model
decreased the fastest and the early convergence
was obvious. Although VGG16 declined slowly in
the early stage, it stabilized at a low level in the
later stage. The losses of AlexNet and LeNet
decreased slowly, especially LeNet still had
certain fluctuations in the later period (Figure
2b). The trend of periorbital recognition was
roughly the same as that of iris recognition.
AGCNN-IPFM had an accuracy of 88.3%, which
was the best performance followed by AlexNet
and VGG16, while LeNet performed the worst
with slow improvement in accuracy and low
overall accuracy (Figure 2c). The loss rate of each
model decreased with the number of iterations
during the training process. The loss of AGCNN-
IPFM decreased the fastest and the early
convergence was obvious. Although VGG16
declined slowly in the early stage, it stabilized at
a low level in the later stage. The losses of
AlexNet and LeNet decreased slowly, especially
LeNet still had certain fluctuations in the later
period (Figure 2d). The results confirmed that
AGCNN-IPFM had optimal convergence and
accuracy in both iris and periorbita recognition
tasks, verifying its advantages in feature
extraction and model structure design. The F1
value of iris recognition reached 0.985 (Figure
3a), and the AUC was 0.992 (Figure 3b), indicating
that it was highly balanced between Precision
and Recall (PR) and had a strong ability to
distinguish true and false samples within the full
threshold range, making it suitable for high
security scenarios. The F1 value of periorbita
recognition was 0.952 (Figure 3c), and the AUC
was 0.976 (Figure 3d). Although it was slightly
lower, under degradation conditions such as blur,
occlusion, or posture changes, its F1 value and
AUC decreased less, reflecting stronger
environmental robustness. Specifically, iris was
suitable for accurate authentication under high-
qguality images due to its stable texture and
significant differences between classes. Based on
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structural redundancy and spatial scalability,
periorbita could still maintain effective
discrimination non-ideal acquisition
environments.

in

Multi-modal iris-periocular fusion model effect
Compared with a single modality, the fusion
model used complementary information of iris
and periorbita features to improve the
recognition accuracy and robustness of the
system. Considering the challenges faced by
multi-modal recognition such as environmental
noise, illumination changes, and individual
differences, using a fusion strategy could
significantly reduce the limitations of a single
modality, thereby improving the overall
recognition effect. The recognition accuracy of a
single iris and a single periorbita on the test set
reached 88.7% and 86.3%, respectively, while the
recognition accuracy of Gobar after fusing iris
and periocular features was 99.5% (Figure 4a).
The EERs of single iris and single periorbita
recognition were 11.3% and 13.7%, respectively.
After fusing iris and periocular features, the EERs
of Gabor algorithm and feature-level fusion were
0.5% and 0.6%, respectively (Figure 4b). The
Gabor algorithm demonstrated the best
recognition performance under multi-feature
fusion conditions, which was better than other
comparison models. When the FAR was 1%, all
models could maintain a high TPR, of which single
iris recognition was 99.5%, single periorbita
recognition was 98.2%, and the recognition
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algorithm reached the optimal 99.9%. As the
security level increased, the FAR dropped to 0.1%
and 0.01%, the performance of each model
declined to varying degrees, and the TPR
remained at 99.7% and 99.4%, respectively. The
TPR of single periorbita recognition dropped to
90.3% while FAR was 0.01% (Figure 5). The
recognition algorithm still maintained the highest
pass rate under extremely low FAR, proving that
its features had extremely high discriminability
and reliability, and were very suitable for high-
security identity authentication. This study
constructed a subset containing blur, occlusion,
pose change, and noise to simulate degradation
scenarios. Under blurry and occlusion conditions,
the recognition accuracy of single iris recognition
dropped significantly with the EER under the
fuzzy subset rising to 2.8% and the EER under the
occlusion subset reaching 4.1% (Figure 6a). Single
periorbita recognition performed more robustly
under posture changes and noise interference
with the EER of the posture change subset
reaching 3.5% and the EER of the noise subset
reaching 2.9% (Figure 6b). The EER of the fusion
strategy under blur, occlusion, attitude, and
noise conditions were only 0.9%, 1.0%, 0.7%, and
0.8%, respectively, which fully reflected the
robustness of the model in degraded scenarios
(Figure 6c). The results further verified the
adaptability of its adaptive mechanism to
complex environments. The results of ablation
experiments demonstrated that, when the Gabor
filter with fixed parameters was used for feature
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Figure 5. Comparison of true rates.

Figure 6. Robustness test.
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Table 1. Comparison of ablation experiments.

Experiment Model Gabor Integration EER Accuracy
Number Configuration convolution policy (%) (%)
1 Baseline model X Feature concatenation 0.71 80.3
2 Gabor fixed initialization V (Fixed parameter) Feature concatenation 0.67 84.4
3 Learnable Gabor V (Learnable parameters) Feature concatenation 0.63 90.5
4 Attention fusion x Attention weighted 0.59 90.5
5 Complete integration V (Learnable parameters) Attention weighted 0.52 99.7

extraction in experiments 1 to 3, the EER dropped
from 0.71% to 0.63%. When the Gabor
parameters were trainable, the performance was
further improved, and the EER was reduced to
0.59%. The results showed that, by fine-tuning
the filter parameters, the network could
adaptively learn the specific frequencies and
directions that were most suitable for
distinguishing iris and periocular textures,
thereby extracting more discriminative features.
From Experiments 1 and 4, without using the
Gabor layer and only replacing the fusion
strategy from simple feature concatenation to
attention fusion, the EER dropped from 0.69% to
0.55%, which indicated that the adaptive fusion
strategy could avoid the interference of
irrelevant features in series fusion and
intelligently balance the contributions of the two
modalities according to the quality of specific
samples. In the comparison between
experiments 4 and 5, after the learnable Gabor
filter was introduced, the EER further dropped to
0.51%, indicating that the Gabor layer with
learnable parameters and the attention fusion
mechanism had a synergistic gain effect (Table 1).
The Gabor layer provided more relevant input
features for the attention mechanism, which
could maximize the benefit of Gabor enhanced
features.

The results of this study aligned with previous
study that the BiCMAM could achieve more
refined feature interaction and weighting rather
than simple concatenation or decision
superposition compared with the feature-
level/score-level fusion [22]. Although Kalpana et
al. verified the effectiveness of Gabor transform
in feature extraction, most of its filter parameters
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were fixed [23]. This study made the Gabor
parameters learnable, thereby adaptively
optimizing the filter and extracting more
discriminative biological features. To solve the
single biometric identification being susceptible
to interference in complex scenes and
insufficient utilization of heterogeneous features
in  multi-modal fusion, a dual-stream iris-
periocular deep fusion model based on adaptive
Gabor feature weighted fusion convolutional
network was constructed in this research to
embed the Gabor filter with learnable
parameters into the front-end of the dual-stream
network to enhance texture feature extraction
and introduce a BiCMAM to achieve adaptive
weighted fusion of iris and periocular features at
the feature layer. This study achieved effective
results on static images but did not consider the
input of dynamic images or videos. Future work
should be expanded to multi-frame information
fusion in dynamic scenarios to improve the
system's  performance and anti-spoofing
capabilities in real-time authentication scenarios.
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