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Abstract

Objectives: To achieve audio-visual multimodal biometric recognition with
higher accuracy. Method: Deep learning method that incorporates CNN and
VIiT into a unified framework, called, hybrid convolutional neural network
with additive angular vision transformer (CNN-AAVIT) introduced for audio-
visual multimodal biometric recognition. The key contribution of the proposed
method is the deep feature fusion layer that incorporates local spatial features
and global context features in one shared feature space. This enables the
implementation of face detection and audio recognition utilizing streamlined
framework. Findings: results of CNN-AAVIT improved in PSNR by 84dB,
precision by 0.91, sensitivity by 0.90 and specificity by 0.80 and accuracy by 0.91
using face images. Proposed CNN-AAVIT enhanced PSNR by 84dB, precision
by 0.89, sensitivity by 0.89 and specificity by 0.87 and accuracy by 0.88 for
voice signals when compared to existing methods techniques. Novelty: This
work involves the integration of hybrid CNN-VIT architectures for both face
and voice biometric modalities within a unified one-shot learning framework.
Specifically, CNNs capture fine-grained spatial patterns such as facial features
and micro-expressions, while ViTs model long-range dependencies in facial and
spectrogram representations. The extracted multimodal features are projected
into a shared joint embedding space, enabling direct face-voice association.
Furthermore, the use of Additive Angular Margin Loss (AAM-Softmax) enhances
inter-class separability and intra-class compactness using cosine similarity,
thereby improving the reliability of multimodal matching, particularly when
only limited samples are available.
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1 Introduction

Biometric recognition systems have become an essential component of modern security and identity management. Multimodal
biometric recognition combines multiple traits, such as face, voice, iris, fingerprint, and ECG, to improve accuracy, security, and
robustness over unimodal systems. However, existing approaches still face challenges related to noise, limited training samples,
computational complexity, spatial-contextual feature extraction, and effective cross-modal representation.

A multimodal biometric recognition system using ECG signals was proposed in‘!)) to improve resistance to spoofing
attacks; however, its robustness under noisy conditions was not sufficiently examined. The ANN+fuzzy-NL-SVM framework
in® improved authentication accuracy but provided limited emphasis on sensitivity and specificity. CNN- and RNN-based
methods in® enhanced biometric security, although accuracy and precision were not comprehensively evaluated. These studies
demonstrate the need for recognition frameworks that jointly improve accuracy and robustness.

Vision Transformer-based multimodal confusion-state detection was investigated in®, but the method was limited
in capturing long-range dependencies across multimodal information. A CNN-Transformer hybrid was introduced in®
to combine local and contextual feature extraction; however, it was not designed for face-voice association or one-
shot authentication. Similarly, the CNN-Convolutional Vision Transformer framework in® improved deepfake detection
performance but focused on detecting manipulated content rather than cross-modal biometric matching. A pre-trained Swin
Transformer was employed for iris recognition in”), while a Mamba Transformer was applied to audio-spectrum biometrics
in®. Although these approaches demonstrate the effectiveness of transformers, they primarily address individual modalities
rather than joint face—voice recognition.

Reviews of multimodal vision recognition®, audio classification(!?), and transformer-based identification!") provide
comprehensive insights into existing techniques but do not establish a unified solution for face-voice matching. A multi-scale
kernel-based face network in!? extracted discriminative facial features but involved numerous hyperparameters, increasing
the risk of overfitting. Convolutional patches integrated with Vision Transformers in!® improved classification accuracy,
but the approach remained focused on visual data. Feature-level fusion of face and speech was investigated in !, although
effective alignment of heterogeneous feature spaces remained challenging. Deep learning-based fusion of signature and facial
information was presented in '), but it considered different biometric traits from the face-voice combination targeted in this
study.

CNN-based biometric authentication in!®) achieved a low false acceptance rate, but CNNs alone have limited capability
for modeling long-range contextual relationships. The CNN-Swin Transformer framework with multi-head self-attention
in(1”) improved spatial and contextual feature extraction; nevertheless, one-shot cross-modal face-voice matching was not
addressed. A deep learning-based multimodal face-voice biometric system was presented in!¥), making it closely related to
the proposed research. However, it does not fully exploit the complementary capabilities of CNN and Vision Transformer
architectures or explicitly employ a shared embedding space with angular-margin optimization for one-shot matching. Other
multimodal approaches combining fingerprint and finger-vein biometrics!* and angular-margin-based face recognition ?”
demonstrate the effectiveness of multimodal fusion and discriminative loss functions, but they do not address joint face-
voice embedding. Transformer-based biometric recognition with reduced computational cost was investigated in®", while
multimodal recognition and fusion strategies were explored in?? and®®). However, these approaches do not adequately
address the combined requirements of efficient local-global feature extraction, cross-modal representation, and limited-sample
matching.

Overall, existing studies have successfully explored individual aspects of biometric recognition, including spoofing
resistance, CNN-based feature extraction, transformer-based contextual modeling, multimodal fusion, and angular-margin
learning. Nevertheless, a significant gap remains in unified one-shot face-voice recognition, particularly in learning a
discriminative common representation while simultaneously capturing local spatial and long-range contextual characteristics.

To address this gap, the proposed work develops a hybrid CNN-Vision Transformer-based multimodal face-voice
recognition framework. CNNs extract fine-grained facial characteristics, including facial features and micro-expressions,
while ViT-based processing of voice spectrograms captures long-range contextual dependencies in speech. The modality-
specific representations are projected into a shared joint embedding space to enable direct face-voice identity association.
In addition, Additive Angular Margin Loss (AAM-Softmax) enhances inter-class separability and intra-class compactness,
while cosine similarity is used to determine the final matching score. The key novelty therefore lies in integrating local CNN
representation, transformer-based contextual modeling, shared cross-modal embedding, and angular-margin-based one-
shot matching within a unified face-voice biometric framework. This combination directly addresses the major limitations
identified in existing studies and provides a more discriminative and robust solution for limited-sample multimodal biometric
recognition.
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1.1 Research gap

Research has been conducted on multimodal biometric recognition using machine learning, deep learning, CNNs, and ViTs.
Existing studies have focused on improving recognition accuracy, security, and authentication performanc wever, it failed
to address the joint modelling of spatial, temporal, and contextual dependencies across heterogeneous biometric modalities.
Conventional CNN-based approaches are effective in extracting local spatial features but have limited capability in capturing
long-range dependencies, higher computational complexity. Furthermore, limited attention was given to hybrid CNN-ViT
architectures for multimodal biometric recognition involving both audio and visual biometric information, for effectively
modelling temporal relationships and cross-modal interactions. Therefore, there is a need for an effective hybrid deep learning
framework. CNN and Vision Transformer mechanisms are employed to jointly capture local spatial features and long-range
contextual dependencies for audio and visual modalities with improved recognition accuracy, precision, robustness, and
security in multimodal biometric surveillance systems.

1.2 Novelty and Contributing remarks
The major novelty and contributions of the proposed work are as follows:

o Proposed hybrid CNN-AAVIT is designed for audio-visual multimodal biometric recognition.

o Face and Voice Feature Vector Formalization and Pre-processing are designed to avoid differences in illumination
and improve visibility in low light conditions. Discriminative regions are identified within facial frames and reliable
representation of voice information.

« Hybrid CNN with Spatio Temporal ViT-based Feature Extraction is employed to capture fine-grained spatial and low-
level local features from facial images and audio spectrograms using CNN, and Vision Transformer models temporal
relationships and long-range contextual dependencies through self-attention, including the evolution of facial and audio
patterns over sequential observations. This combined spatial and temporal representation is intended to improve the
robustness of biometric feature extraction and enhance sensitivity and specificity.

o Additive Angular Margin Classification is utilized for multimodal biometric recognition that aids in maximizing inter-
class distance and minimizing intra-class variations via geodesic distance therefore improving the overall recognition
accuracy.

o Finally, the quantitative analysis results of performance evaluation represent that the packet delivery ratio in addition to
end-to-end delay with energy consumption, throughput and network lifetime of the proposed CNN-AAViT method are
better than existing methods.

2 Methodology

Multimodal biometric recognition objective is to enhance accuracy and fraud resistance by verifying a person’s identity using
two or more unique physiological features. Fusion data from numerous biometric inputs not only minimizes false matches
but also reduces false rejections. This in turn makes it ideal for high security applications like banking, finance and secure
facility access. A sophisticated deep learning method with hybrid convolutional neural network with additive angular vision
transformer (CNN-AAVIT) for audio-visual multimodal biometric recognition is proposed. The CNN-AAViT method for
audio-visual multimodal biometric recognition is designed to incorporate the local, fine-grained spatial feature extraction
of CNN with global, temporal and additive angle of ViT. This method generates highly accurate similarity embeddings by
harnessing both the local feature extraction of CNNs and the global attention of ViTs. Figure 1 shows the architecture of CNN-
AAVIT for audio-visual multimodal biometric recognition.

2.1 Dataset Acquisition

The MSU-AVIS dataset utilized in our work for multimodal biometric recognition comprises of both audio and visual data.
Dataset is gathered from https://iprobe.cse.msu.edu/dataset_detail. php?id=7&?title=MSU_AVIS_Dataset. The samples were
collected from subjects while walking in a semi-constrained indoor environment. The subjects involved in the simulation
mimics a real world surveillance scenario. The audio and visual data were obtained from 50 subjects. Among 50 subjects 16 were
female and the rest of 34 subjects were male. The audio visual data were collected from both the camera and microphone. The
data collected included 12 videos, each of 5 seconds duration. The video frames of each subjects’ were obtained at a resolution
of 1920 X 1080. In addition the audio were recorded at a sampling rate of 48kHz. The face images exhibit variations due to
occlusions, indoor-illumination and accessories. The audio samples exhibit variations due to the indoor reverberations and
background noise, etc.

https://www.indjst.org/ 2346
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Fig 1. Architecture of CNN-AAVIT for audio-visual multimodal biometric recognition

2.2 Face and Voice Feature Vector Formalization and Pre-processing

The MSU-AVIS dataset video stream comprises multiple image frames independently captured while walking around in
a semi-constrained indoor environment mimicking a real world surveillance scenario. Face and voice pre-processing is
performed to obtain consistent and discriminative feature representations from the two biometric modalities. For facial data,
face detection, alignment, resizing, and pixel normalization are applied to reduce variations caused by pose and illumination,
while CNN and ViT components capture local facial details and global dependencies. Similarly, voice signals are transformed
into normalized spectrogram representations to capture relevant time-frequency patterns, with CNN extracting local spectro-
temporal features and ViT learning their global relationships. The resulting fixed-length face and voice feature vectors provide
reliable representations for subsequent multimodal feature fusion and biometric recognition.

2.2.1. Face feature vector formalization and Pre-processing

Let Sy C R™*7*3 represent the visual data domain of RGB images with ‘m xn * 3 size. Each visual data sample image ‘S 5 is
pre-processed with the intent of detecting the bounding box and key points (i.e., two eyes, nose and two mouth corners) of the
face. Followed by which affine geometric transformation and normalization is applied for face alignment to ensure consistency
across different visual data samples. The visual data image is then resized and each pixel value is normalized in the range between
‘0" and ‘1’ The emerging transitional facial image, defined as “I'S ; C R™*7*3” is utilized as input for our proposed method.
These pre-processing steps strive to avoid differences in illumination, hence facilitating more accurate feature extraction and
subsequent analysis. In the proposed method a precise feature extraction method that produces fixed-length representations in
‘D C R is used. This stage is denoted as "D ¢ : Sy — D ;" and its output is referred to as face feature vector. In case of facial
images, CNNs extract fine-grained, localized spatial details (like skin texture and edges), while ViTs model obtain global and
long-range dependencies across the entire face.

2.2.2. Voice feature vector formalization and Pre-processing

Let ‘S, C R* represent the audio data domain of wave forms digitally denoted by a transitional visual acoustic representation
‘TS, C R**, like, a spectrogram. These video frames in each sample undergo pre-processing before going to extraction
process. Pre-processing addresses variations in the proportions and size of input frames with the objective to optimize model
performance. The spectrogram is then created in a sliding window utilizing a Hamming window to improve visibility in low-
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light conditions, producing an acoustic depiction “I'S,,’ that correspond to the audio ‘S, Average and standard deviation
normalization is conducted on every spectrum frequency that in turn aids in ascertaining pivotal areas within frames. The
emerging transitional audio representation is utilized as input of the acoustic modality in our proposed method. In the proposed
method, a precise feature extraction model that generates fixed-length representations in ‘D, C R’ is used. This stage is
represented as ‘D9 : S, = D, and its output is referred to as voice feature vector.On one hand using CNN fine-grained
localized spectro temporal patterns are captured and on the other hand utilizing the ViT processes these features with the
objective of identifying global dependencies across time and frequency.

2.3 Hybrid CNN with Spatio Temporal ViT-based Feature Extraction

The second step in Convolutional Neural Network (CNN)-based audio-visual data is feature extraction. The proposed method
applied Hybrid Spatio Temporal Fusion CNN and ViT-based model. The Spatio Temporal Fusion-based Feature Extraction
preserves contextual information of both audio and visual data and achieves synchronization. CNNs extract important feature
maps from pre-processed audio-visual data based on a stack of convolution, normalization, activation, or pooling layers.
Figure 2 shows the structure of Hybrid CNN with Spatio Temporal ViT-based Feature Extraction model.

Multi-head self Add & layer Feed forward Add & layer
attention normalization ( | ) network (MLP) normalization

hentication decl

Maitch / no match

Additive angular margin Cross modal fusion
-—
classification

Spatio-temporal vision transformer

DRI el

Patch+positional Patch generation & linear projection
encoding

e . g A A 444

J-- / Dense
EE}__ feature
e k embedding

I:I_‘-hh—

Fig 2. Structure of Hybrid CNN with Spatio Temporal ViT-based Feature Extraction model

As illustrated in the Figure 2, the feature extraction process is split into three parts. They are spatial and local feature
extraction, temporal and global modeling and additive angular margin loss function. First, CNNs are applied to obtain spatial
and low-level local details or facial features and spectrograms. Second, temporal along with global long-range sequence
dependencies like how facial images moves over time via self-attention is modeled. The first convolution layer comprises of
kernels that convolve over the pre-processed audio-visual data and kernel detects local feature like, edges. For audio biometric
recognition process, the CNN capture localized fine-grained spectro temporal patterns. For visual biometric recognition
process, the CNN capture localized fine-grained spatial details.

Hybrid CNN with Spatio-Temporal ViT is employed because CNN and ViT complement each other in extracting audio-
visual biometric features. CNN effectively captures fine-grained local patterns, such as facial details and spectro-temporal
characteristics of voice signals.The Spatio-Temporal ViT learns long-range relationships and global contextual information
across spatial and temporal dimensions. Combining both models therefore provides richer and more discriminative feature
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representations to improve the integration of face and voice information, and support more reliable multimodal biometric

recognition.
Given an input image in ‘S € R*7*W" the output of the convolution operation is mathematically represented as given
below.
(k) _ M N C (k) k
COTL'UZ-j _Zmzl Zn:l Zc:l Km,nc*Szurm7 j+n+c+b( ) (1)
(k)

From the equation (1) the feature map post convolution ‘C'onv, . is generated based on the learnable kernel ‘K k) & and

ij
the bias term of the ‘b(*)* feature map for the respective audio-visual sample data. The CNN processes different hierarchical
representations, i.e., proportionately level features or edges of visual data in early layers, while deeper layers of the neural net
provide high-level semantic features i.e. Mel Frequency Cepstral Coeflicients. Pooling on the other hand allows for relocation
stability of the CNN to aspect ratios (i.e. an audio can still be detected even it is slightly changes with respect to temporal or
spatial structure) or the aspect ratios of faces. This is because by applying pooling aids in preserving whatever identity in spite
of alignment variations. The pooling feature map result is defined as given below.
k k

PF§j> = max (m,n)C’onvng)m’ jtn (2)
From the equation (2) the pooled feature map results at position ‘4, j° are obtained ‘P F’ (il;)’ by using the convoluted value ‘Conv’
atlocation ‘4 +m, j+n’ Moreover the maximum function ‘max’ selects the highest activation within the pooling window for

k)

corresponding audio-visual data. The feature maps from final convoluted output ‘Convi- 5 and pooled feature map results

‘PF(i’;)’ are processed. These results are then flattened into a one dimension vector including a feature representation that are
compressed but are extremely informative. For audio data the vector serves as the bridging gap connecting spatial audio features.
For faces, the representation encodes distinguishing features associated to the participants. This is mathematically defined as
given below.

P = Flatten (Convi’?, PF&’?) e R*P (3)
The one dimension vector of flattened features is provided as input via multiple dense layers. This is defined by associating to
all of the activations from the previous layers. The dense layers obtain feature activation and merge local features into a global
association as given below.

R=W=#P+b (4)

Finally with the above obtained results (4) the softmax function is applied to the fully connected layer for recognition purpose.
This is mathematically defined as given below.
, el
j=1¢"

From the equation (5) ‘Prob’ represent the probability that the input ‘P’ belongs to class ¢ i.e. ‘R, respectively. The output
layer provides a probability score for decision-making. With this the shallow or early layers detect edges and corners for visual
data and acoustic edge for audio data. On the other hand, the mid level layers detect face parts ears, nose, eyes for visual data and
phonetic segments, rhythm for audio data. Finally, the deeper or layer layers search for facial features that are unique in visual
data and recognize complete words or environment sound for audio data. The flattened and embedded feature representations
‘P’ are then processed to improve their potentialities as input tokens into Vision Transformer (ViT). By applying the flattened
and embedded feature representations improves the method to provide global context modeling.

2.4 Additive Angular Margin-based Vision Transformer

The Additive Angular Margin-based Vision Transformer (ViT) splits up an input image (i.e. flattened and embedded
feature representations ‘P’) into patches of fixed sizes. This in turn adds positional information to the patches and extracts
meaningful global features via transformer encoder blocks incorporating self-attention and MLP layers for multimodal
biometric recognition. Additive Angular Margin-based Vision Transformer is employed to capture both local patch-level details
and global dependencies from audio-visual biometric data. The patch-based representation and self-attention mechanism is
employed to learn important relationships between facial and speech features. Also the Additive Angular Margin-based Vision
Transformer significantly increases inter-class separability and intra-class compactness within the audio-visual data. Therefore,
AAM-VIiT provides a more robust and discriminative feature representation for accurate multimodal biometric recognition.

https://www.indjst.org/ 2349


https://www.indjst.org/

Preethi & Joseph Charles / Indian Journal of Science and Technology 2026;19(33):2344-2357

2.4.1. Patch Linear Embedding and Positional Encoding

The flattened and embedded feature representations ‘P’ image is passed and then the patch extraction of the image is split into
smaller square-shaped fixed-size patches of ‘16 * 16” pixels. Moreover rather than processing these spectrograms pixel-by-pixel
the images are split into square patches. That patch is flattened into a single dimension vector. This is mathematically defined
as given below.

HxW
:PT

size

TP (6)

From the equation (6) the total number of patches “I"P’ is obtained based on the height ‘H’, weight ‘W of the flattened and
embedded ‘P’ image with respect to the patch size ‘P2, respectively. Then the patch linear embedding result is obtained as
given below.

EV)=W.P,+b 7)

From the equation (7) the patch linear embedding vector result ‘EV?’ is obtained by using the flattened and embedded ‘P;’
image, learnable weight matrix ‘W’ and bias ‘b’respectively. Followed by which a positional encoding vector is assigned to each
patch embedding ‘E V?’. The matching patch linear embedding is augmented with the position encoding as given below.

Outenyy =EV? =EV? 4+ P, (8)

EV°=EVY+P,,,,EVy+P,,,,EVyp+Prp ©)

From the equations (8) and (9) the augmented sequences are processed by the transformer encoder.

2.4.2. Cross Modal Fusion-based Transformer Encoder

The transformer encoder employed in our work uses the Cross Modal Fusion-based Self-Attention function instead of
processing audio and visual data separately. With this the visual representations straightforwardly influence the audio
representations. The Cross Modal Fusion-based Transformer Encoder employed in our work map dependencies across audio-
visual data. In other words, the audio tokens act as queries while the visual tokens act as keys and values. This makes certain
that the audio speech features fine tunes accurately with subsequent facial expressions. To encapsulate the relationships and
dependencies in the input image patches, multi-head self-attention function is used. With the help of attention weights and
assessing all tokens in correlation to another enables in capturing relevant patches. Each token here is projected linearly into a
query ‘Q; key ‘K" and value V" vectors utilizing learnable query weight matrix ‘W’ key weight matrix ‘W’ and value weight
matrix ‘W5, respectively. Then the output projection matrix incorporating attention output weights is mathematically defined

as given below.
T
QKH v (10

EV?
Dim g

Attention (Q,K,V) = softmax

Followed by self-attention layer results according to (10) with dimensions ‘Dim -’ the feed forward neural network applied
non linear transformations processes to each token. This is mathematically defined as given below.

FFNN (EVY) = sigmoid [EV? (Wy.ReLU (W1 EV{ +by ) +b, )] (11)

From the equation (11) the feed forward neural network is applied to each token ‘FFNN (EV?)’ via weighted learning
matrices ‘W, W5’ and bias ‘b, b5’ Finally the normalized results by stabilizing gradients and embeddings for heterogeneous
features of audio and visual data are defined as given below.

EV —

1%

From the equation (12) the normalized results by scaling heterogeneous features are arrived at by using the mean of input

features ‘u, variance of input features ‘o2, via constant ‘¢, learnable scaling “y” and shifting ‘3’ factor respectively.
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2.5 Additive Angular Margin Classification for multimodal biometric recognition

Each of the feature extracted outputs from the ‘Out -5 and ‘Outy ;1 captures distinct but interrelated features of visual
depiction. Finally, additive angular margin is applied that by incorporating loss function aids in maximizing inter-class distance
and minimizing intra-class variations. The additive angular margin into a shared hyper-spherical space matches audio-visual
data group together, while differently separating from unrelated content. To summarize them into a common pool, all the feature
maps are projected into a coarse dimensionality via a linear mapping for multimodal biometric recognition.

This is mathematically defined as given below.

Rescyn =W .Outopn n; Resyypr = Wy, Outy (13)

Next based on the decision fusion representation, the features are normalized and concatenated together. The concatenated
decision fused results are obtained as given below.

Respysion = [Resonnl|Resy ] (14)

From the equation (14) ‘||” denote the concatenation operator, over multimodal features dimension ‘Resnn° and ‘Resy ;1
respectively. Finally to prevent zero padding issues across audio frames and visual sequences layer normalization function is
applied to not only stabilize gradients but also to ensure the feature scaling remain manageable in an independent fashion. This
is mathematically defined as given below.

evi
Res gy, i on = LayerNorm (ZiE{CNN,ViT} w) (15)
J

With the above resultant fusion function ‘Resg,, .;,, s given in equation (15), best balance between accuracy and
computation efficiency with respect to multimodal biometric recognition is said to be ensured. Finally, Additive Angular Margin
Loss function is applied to enforce deep neural networks to learn extremely different and concise groups of data. As far as
audio-visual data is concerned, it is utilized in mapping speech and visual elements into a shared hyper-spherical space. With
this function matching audio and visual data naturally cluster together while distinctly separating from unrelated samples. The
Additive Angular Margin Loss function is defined as given below.

e? (COS(QResFusioﬂi+am))
(16)

©eos9Res pygion

| XN
Laam=—% Zlog
s

) (COS<QR55Fusioni+am)>+2j# QRESFusioni €

With the generated results from equation (16) the Additive Angular Margin Loss applied in our work involving audio-visual
data implements a geometric margin in the angular space between feature embeddings. The loss function by mapping both
audio and visual data onto a hypersphere in turn generates extremely discriminative groups that enhance multimodal biometric
recognition. The pseudo code representation of hybrid CNN-AAViT for audio-visual multimodal biometric recognition is given
below.

Algorithm Hybrid convolutional neural network with additive angular vision transformer
Input: Dataset ‘DS’ face sample S s = {Ss1, Syo, ..., Sfar ) voice sample S, = {S,1,5,2, -, Syn}
Output: Robust multimodal biometric recognition

1: Initialize ‘M = 50} ‘N = 50’

2: Begin

3: For each dataset “D.S” with face sample °S;” and voice sample °S.
//Pre-processing

4: Formulate Face feature vector formalization and Pre-processing
5: Formulate Audio feature vector formalization and Pre-processing
//Feature extraction

//Convolution layer

>
v
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6: Apply convolution function according to (1)

//Pooling layer

7: Generate pooled feature map results according to (2)

8: Flatten convoluted and pooled feature map into a one dimension vector according to (3)

9: Merge local features into a global association according to (4) and (5)

/[Vision transformer

//Patch Linear Embedding and Positional Encoding

//Patchification

10: Patch global association feature into a single dimension vector according to (6)

//Patch Linear Embedding

11: Generate flattened and embedded feature representations according to (7)

//Positional encoding

12: Generate positional encoding vector to each patch embedding results according to (8) and (9)
//Cross Modal Fusion-based Transformer Encoder

13: Generate output projection matrix incorporating attention output weights according to (10)
//Feed forward neural network

14: Formulate per token processing using feed forward neural network according to (11)

15: Evaluate normalization function for heterogeneous features according to (12)

//Additive Angular Margin Classification for multimodal biometric recognition

16: Generate coarse dimensionality via a linear mapping for multimodal biometric recognition according to (13)
17: Generate resultant fusion results according to (14)

18: Generate resultant fusion normalized results according to (15)

19: Generate Additive Angular Margin Loss function results according to (16)

20: Return classified results

21: End for

22: End

Hyperparameters are implemented in Table 1.

Table 1. Hyperparameters details

Hyperparameter Value
Input image size 224 x 224 X 3
CNN filters 32
CNN kernel 3x3
Pooling 2 x 2 Max Pooling
CNN dropout 0.4
ViT embedding dimension 256
Patch size 16 x 16
Transformer blocks 6
Attention heads 8
MLP dimension 1024
Attention dropout 0.1
Temporal sequence length 16 frames
Fusion dimension 512
AAM margin 0.3
AAM scale 30
Optimizer Adam
Learning rate 0.00001
Batch size 32
Epochs 100
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Cross-validation is used for handling the class imbalance issue to compute the performance of the model ability to carry out
unseen data. By using cross-validation, the dataset is divided into three sets such as training and testing and validation. Most
data samples (70%) were used for training and the lesser data samples (20%) were taken for testing and remaining samples (10%)
were taken for validation. In our work, the 10- fold cross-validation is utilized for measuring the results. To conduct and validate
and ensure fair benchmark comparison on the MSU-AVIS dataset, proposed CNN-AAViT and conventional Multimodal BRS
[1], ANN+fuzzy-NL-SVM [2] and CNNs and RNNs [3] are implemented in Python language. Several parameters such as PSNR,
precision, sensitivity, specificity and accuracy are utilized. To conduct the experimental purpose, the samples in the range from
226-2260 are considered.

3 Results and Discussion

Comparison study is provided to analyze and validate the performance of four different learning methods, hybrid CNN-AAViT,
Multimodal BRS [1], ANN+fuzzy-NL-SVM [2] and CNNs and RNNs [3] in solving the multimodal biometric recognition using
MSU-AVIS dataset in Python.

3.1 Case Scenario 1: PSNR analysis

PSNR involved in audio-visual data is validated. The PSNR rate is evaluated as

2
PSNR =10log,, (%) (17)
IR AL
MSE:EgZZ[I(i,j)—K(iJ)f 19

i=1j=1

Where, peak signal-to noise ratio ‘PSN R’ is evaluated based on squared sum of the mean square error ‘M S E’ between original
and reconstructed image.

Table 2. Results of PSNR for face image and voice signals

Samples PSNR (dB) for face image PSNR (dB) for voice signals
CNN- Multimodal ANN-+fuzzy- CNNs and CNN- Multimodal ANN-+fuzzy- CNNs and
AAVIiT BRS [1] NL-SVM RNNs [3]  AAViT BRS [1] NL-SVM RNN [3]
(2] (2]
226 62.15 59.35 56.25 53.14 69.35 59.25 54.15 51.35
452 68.35 55.35 52.15 49.25 72.55 62.15 57.85 54.55
678 72.55 57.95 55.45 52.15 75.85 65.35 60.35 57.85
904 81.35 68.35 66.25 63.15 79.25 69.15 64.25 59.35
1130 85.89 70.98 68.15 65.25 83.35 73.25 68.15 63.25
1356 89.35 75.65 73.25 71.55 88.15 78.55 73.15 68.55
1582 92.15 78.56 76.15 73.25 90.45 80.25 75.55 70.25
1808 95.45 80.35 78.35 75.35 93.25 82.15 77.23 72.15
2034 96.35 82.45 80.55 77.15 94.55 84.35 79.25 74.55
2260 98.25 85.65 83.25 81.35 97 87 82 77

Table 2 shows PSNR. PSNR of CNN-AAViT of voice signals improved by 12%, 18% 23% and 15%, 12% and 22% for face
images over [1], [2], [3]. When the experiment was conducted with 226 samples, PSNR was obtained as 62.12dB, 59.35dB,
56.25dB and 53.14dB using face images for CNN-AAViT, [1], [2] and [3]. Sensitivity was obtained as 69.35dB, 59.35dB, 54.15dB
and 51.35dB using voice signals for the CNN-AAVIT, [1], [2] and [3].
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3.2 Case Scenario 2: Precision analysis

Precision concentrates on the method’s positive prediction. It answers to the question out of all positive predictions, how many
samples were actually correct.

TP
" TP+FP

Where, ‘Pre’ is result of precision, “I" P’ is true positive and ‘F' P’ is false positive value.

Pre (19)

Performance of Precision for Face Imag Performance of Precision for Voice Signals
W CNN-AAVIT
= Multimodal BRS [1]

- CNN-AAVIT

= Muitimodal BRS [1]
ANN+Fuzzy-NL-SVM [2]

SN CNNs and RNNs [3)

ANN+Fuzzy-NL-SVM [2]
0.8 W CNNs and RNNs [3]

Precision
Precision

226 452 678 904 1130 1356 1582 1808 2034 2260 . 226 452 678 904 1130 1356 1582 1808 2034 2260
Samples Samples

Fig 3. Precision versus Samples (using face image and voice signals)

Figure 3 shows precision. Precision of CNN-AAViT enhanced by 13%, 18% and 22% (for face images), 8%, 11% and 15%
(for voice signals) than [1], [2], [3]. When the experiment was conducted with 226 samples, precision was obtained as 0.98,
0.92, 0.91 and 0.87 using face images for CNN-AAViT, [1], [2] and [3]. Precision was obtained as 0.95, 0.92, 0.9 and 0.88 using
voice signals for the CNN-AAVIT, [1], [2] and [3].

3.3 Case Scenario 3: Sensitivity analysis

Sensitivity or recall is utilized in measuring the performance of a classification method. It is defined as the ratio of actual positive
samples that are identified correctly by the method.

TP
Sen = TP+ FN (20)
Where, ‘Sen’ is sensitivity. Table 2 lists sensitivity for face image and voice signals.
Table 3. Results of Sensitivity for face image and voice signals

Samples Sensitivity for face image Sensitivity for voice signals
CNN-  Multimodal ANN-+fuzzy- CNNs and CNN-  Multimodal ANN-+fuzzy- CNNs and
AAVIT BRS [1] NL-SVM RNNSs [3] AAVIT BRS [1] NL-SVM RNNss [3]

(2] (2]

226 0.98 0.97 0.95 0.94 0.95 0.9 0.85 0.82
452 0.95 0.85 0.8 0.77 0.93 0.85 0.8 0.78
678 0.93 0.83 0.78 0.75 0.92 0.8 0.75 0.73
904 091 0.81 0.76 0.73 0.91 0.78 0.73 0.71
1130 0.88 0.78 0.73 0.7 0.88 0.75 0.7 0.68
1356 0.85 0.75 0.7 0.67 0.85 0.71 0.66 0.64
1582 0.83 0.73 0.68 0.65 0.82 0.68 0.63 0.61
1808 0.84 0.74 0.69 0.66 0.85 0.72 0.67 0.65
2034 0.88 0.78 0.73 0.7 0.88 0.77 0.72 0.7
2260 0.92 0.82 0.77 0.74 0.93 0.83 0.8 0.78

Table 3 shows sensitivity for face image and voice signals. When the experiment was conducted with 226 samples, sensitivity
was observed as 0.98, 0.97, 0.95 and 0.94 using face images for the CNN-AAViT method, [1], [2] and [3]. Sensitivity was
observed as 0.95, 0.9, 0.85 and 0.82 using voice signals for the CNN-AAViT, [1], [2] and [3]. Sensitivity is enhanced using
CNN-AAViT method by 10%, 16% and 19% (for face images) and 13%, 18% and 21% (for voice signals) over [1], [2], [3].

https://www.indjst.org/ 2354


https://www.indjst.org/

Preethi & Joseph Charles / Indian Journal of Science and Technology 2026;19(33):2344-2357

3.4 Case Scenario 4: Specificity ‘Spe’ analysis

It is a paramount performance metric, in the realm of multimodal biometric recognition tasks. It is referred to as the ratio of
negative samples that were accurately identified as negative.

TN
Spe=——— (21)
TN+FP
Performance of Specificity for Face Image Performance of Specificity for Voice Signals
. CNN-AAVIT W CNN-AAVIT
08 = Multimodal BRS [1) 0.8 W Multimodal BRS [1]
ANN+Fuzzy-NL-SVM (2] ANN+Fuzzy-NL-SVM [2]
W CNNs and RNNs 3] 0.7 W CNNs and RNNs [3]
BD.E a0.6
s Fos
e e
< =
%04 904
-3
w I;.I.D.S
0.2 0.2
0.1
0.0

26 452 678 904 1130 1356 1562 1808 2034 2260 ' 26 452 678 904 1130 1356 1582 1808 2034 2260
Samples Samples

Fig 4. Specificity versus Samples (using face image and voice signals)

Figure 4 shows specificity. Specificity of CNN-AAViT method enhanced by 30%, 32% and 35% (for face images) and 30%,
36% and 46% (for voice signals) than [1], [2], [3]. Let us consider 226 samples, specificity was obtained as 0.88, 0.55, 0.48 and
0.37 using face images for CNN-AAVIT, [1], [2] and [3]. Specificity was obtained as 0.85, 0.52, 0.46 and 0.36 using voice signals
for the CNN-AAVIT, [1], [2] and [3].

3.5 Case Scenario 5: Accuracy ‘Acc’ analysis

It is defined as ratio of correctly identified samples.

Ace — TP+TN (22)
TP+FP+TN+FN
Where, “I'P, T'N’is true positive and negative, ‘F'P, F'N’ is false positive and negative ‘F' V"
Table 4. Results of Accuracy for face image and voice signals

Samples Accuracy for face image Accuracy for voice signals
CNN-  Multimodal ANN-+fuzzy- CNNs and CNN-  Multimodal ANN-+fuzzy- CNNs and
AAVIiT BRS [1] NL-SVM RNNs [3]  AAViT BRS [1] NL-SVM RNNSs [3]

(2] (2]

226 0.97 0.9 0.88 0.84 0.94 0.9 0.85 0.83
452 0.95 0.93 0.83 0.78 0.93 0.95 0.9 0.87
678 0.94 0.82 0.72 0.67 0.91 0.83 0.88 0.85
904 0.92 0.8 0.7 0.65 0.88 0.8 0.75 0.72
1130 0.9 0.78 0.68 0.63 0.85 0.77 0.72 0.69
1356 0.87 0.75 0.65 0.6 0.83 0.75 0.7 0.67
1582 0.85 0.73 0.63 0.58 0.8 0.72 0.67 0.64
1808 0.89 0.77 0.67 0.62 0.82 0.74 0.69 0.66
2034 0.92 0.8 0.7 0.65 0.84 0.76 0.7 0.67
2260 0.94 0.82 0.72 0.67 0.86 0.78 0.73 0.7

Table 4 shows accuracy. Accuracy of CNN-AAVIT method improved by 12%, 22% and 27% for facial images and 13%, 16%
and 16% for voice signals than [1], [2], [3]. Let us consider 226 samples, accuracy was obtained as 0.97, 0.9, 0.88 and 0.84 using
face images for CNN-AAViT, [1], [2] and [3]. Accuracy was obtained as 0.94, 0.9, 0.85 and 0.83 using voice signals for the
CNN-AAVIT, 1], [2] and [3].

https://www.indjst.org/ 2355


https://www.indjst.org/

Preethi & Joseph Charles / Indian Journal of Science and Technology 2026;19(33):2344-2357

3.6 Statistical Test

ANOVA (Analysis of Variance) is a statistical test employed to evaluate whether there is a major dissimilarity among multiple
student data classes within a dataset. In the context of student performance prediction, ANOVA test is applied to assess whether
the mean values of a dependent variable (accuracy) differ significantly across different groups defined by a categorical variable
(face image and voice signals). Anova test is conducted for proposed LKMILBDC and the existing [1] and [2] and [3] using
MSU-AVIS dataset based on accuracy value.

o0 ANOVA Test of Classification Accuracy for face image 100 ANOVA Test of Classification Accuracy for voice signals
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Fig 5. Paired t-tests Outcome

In Figure 5, paired t-tests outcome is described. CNN-AAViT method achieved statistically significant improvements over
[1], [2] and [3] with all p-values below 0.05. The highest t-statistic was observed for indicating the strongest performance
difference. The paired t-test results show that CNN-AAViT performed significantly better than all compared models.

4 Conclusion

Proposed hybrid CNN-AAVIT is introduced for obtaining audio-visual multimodal biometric recognition with maximum
accuracy. The integration of these complementary biometric modalities helps overcome the limitations associated with relying
on a single biometric trait and consequently improves the reliability and security of biometric verification. Novelty of proposed
method lies in the incorporation of CNN with spatio temporal ViT for multimodal biometric recognition. This combination
along with the Additive Angular Margin Loss function allows the method to verify whether the biometric data originates from a
single source, significantly enhancing security. Moreover, the study incorporates Spatio Temporal ViT-based Feature Extraction
to enhance classes parability, followed by feature-level fusion and classification using an Additive Angular Margin classifier.

For face images, the quantitative results indicate of CNN-AAViT enhancement in PSNR by 84dB, precision by 0.91,
sensitivity by 0.90 and specificity by 0.80 and accuracy by 0.91. For voice signals, proposed CNN-AAViT enhanced PSNR
by 84dB, precision by 0.89, sensitivity by 0.89 and specificity by 0.87 and accuracy by 0.88 when compared to traditional
baseline techniques. The proposed method has used in several applications in secure authentication, access control, identity
verification, and other multimodal biometric security systems where improved robustness and recognition reliability are
required. Nevertheless, proposed method considers only one dataset. Various metrics such as time and memory was not
considered. In future work, the proposed work will be extended to apply adaptive multimodal fusion, and privacy-preserving
biometric learning to improve computational efficiency and scalability. Also, the several metrics such as time and memory will
be focused for enhancing the audio-visual multimodal biometric recognition.
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