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Abstract

Multimodal learning involves integrating
information from various modalities to
enhance learning and comprehension. We
compare three modality fusion strategies
in person identification and verification by
processing two modalities: voice and face.
In this paper, a one-dimensional convolu-
tional neural network is employed for x-
vector extraction from voice, while the pre-
trained VGGFace2 network and transfer
learning are utilized for face modality.
In addition, gammatonegram is used as
speech representation in engagement with
the Darknet19 pre-trained network. The
proposed systems are evaluated using the
K-fold cross-validation technique on the
118 speakers of the test set of the VoxCeleb2
dataset. The comparative evaluations are
done for single-modality and three pro-
posed multimodal strategies in equal sit-
uations. Results demonstrate that the
feature fusion strategy of gammatonegram
and facial features achieves the highest
performance, with an accuracy of 98.37%
in the person identification task. However,
concatenating facial features with the x-
vector reaches 0.62% for EER in verification
tasks.

1 Introduction

Biometric modalities encompass distinct
static physiological traits that remain consis-
tent within the human body, like fingerprints,
as well as dynamic behavioral traits that are
unique characteristics displayed in response
to interactions with the environment, such as
gait. However, some modalities can be a com-
bination of both static and dynamic, such as
speech (Minaee et al., 2023). In the real world,
the human brain simultaneously processes
multiple modalities to recognize the identity
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of each person. Although the exact mecha-
nism of multimodal processing in the human
brain remains unclear, the human mind can
effortlessly identify individuals based on their
faces and voices with minimal errors (Perrodin
et al., 2015). Voice and face have garnered
significant attention in the development of
automatic identity recognition systems (Mi-
naee et al., 2023; Farhadipour and Taghipour,
2023; Farhadipour and Veisi, 2024a). While
both modalities can change over time or be
vulnerable to spoof attacks, combining and
analyzing mixed forms of these two modalities
can potentially increase the uniqueness of
biometric features for each person in identity
recognition. In human-machine interaction,
identity recognition plays a crucial role. It has
been applied in various tasks such as access
control, automatic monitoring of older individ-
uals, rehabilitation programs for people with
physical and mental disabilities, etc. Auto-
matic identity recognition can be categorized
into two main tasks: person verification and
person identification. Person verification in-
volves authenticating a claimed identity. This
typically involves a two-class classification,
comparing the claimed identity with unique
specific and universal background models. In
other words, the system determines whether
to accept or reject the claimed identity. On the
other hand, person identification refers to the
process of identifying an identity in a multi-
class classification scenario, where the system
needs to determine the person’s identity from
a large pool of individuals who have been
previously trained. While there has been
significant research on developing multimodal
person verification systems (Shah et al., 2023),
there is still limited work done in the context
of multimodal person identification.

In recent years, deep learning has emerged



as an effective approach to pattern recogni-
tion, allowing for the modeling of complex
functions. This approach enables multimodal
signal processing and can be implemented
through different tasks. In this work, we
utilized deep learning approaches in identity
recognition tasks with three different strate-
gies. The first strategy is sensor fusion, where
raw information, such as sound and image
data, are directly integrated into a classifier.
This approach combines the information from
different sources at the input level without
front-end processing. The second strategy
is feature fusion, which involves separately
extracting low-dimensional features from each
modality and then combining them to feed
into a classifier. This approach allows for the
extraction of modality-specific features before
integration. The third strategy is score fusion,
where separate classifiers are designed for
each modality, and the final scores from each
classifier are merged and fed into a decision-
making system.

In this work, it is assumed that the per-
son’s voice and face information are accessible
simultaneously. We trained two separate
systems to learn and recognize each modal-
ity individually for person identification and
verification. Furthermore, three multimodal
strategies have been proposed, including all
three discussed modes: sensor-level fusion,
feature-level fusion, and score-level fusion in
identification tasks. Finally, the best fusion
mode that is explored in the identification task
is utilized in the verification scenario.

To achieve these objectives, the pre-trained
VGGFace2 (Cao et al., 2018) is utilized for the
visual modality. However, for the voice modal-
ity, we proposed two methods consisting of
gammatonegram representation (Farhadipour
and Veisi, 2024b) and x-vector (Snyder et al.,
2018). This approach results in the creation of
the proposed FaceNet and VoiceNet models
for each modality from the VoxCeleb2 dataset.

In the feature and score fusion modes, we
mixed facial features with gammatonegram
and x-vector separately, and a softmax layer
was employed for multimodal learning by
combining the information from both modali-
ties. However, in score fusion mode, because
we chose a two-dimensional space for mixing

the modalities, we just concatenated facial
features with gammatonegram representation.
The proposed systems are trained and evalu-
ated using the test section of the VoxCeleb2
dataset, which consists of 118 speakers. A K-
fold cross-validation approach is utilized to
ensure robustness and reliability.

The rest of the paper is organized as follows.
Section 2 presents an overview of related
works. In Section 3, the proposed strategies
for multimodal learning in person identifica-
tion and verification are described in detail.
Section 4 focuses on the evaluation setup.
Experimental results are reported in section
5. Discussing the results and comparison with
previous works are done in section 6. Finally,
section 7 concludes the work and discusses
some ideas for future trends.

2 Related Works

Multimodal learning systems in identity
identification integrated different modalities,
including the fusion of fingerprint and DNA
(Ramana et al., 2022), face and gait (Prakash
et al., 2023), and face, palmprint and iris
(Aldjia and Leila, 2021). In integrating face and
speech, the main works focused on speaker
verification (Wang et al., 2022), and few works
are accomplished in speaker identification.
It should be noted that the existence of the
annual VoxSRC challenge had a great impact
on this tendency (Huh et al., 2023). In this
part, we report some of the previous works in
multimodal speaker identification.

In the paper (Chung et al., 2018), an EER of
4.42% was reported on the Voxcelebl dataset
in a speaker verification task. The same au-
thors in another article (Nagrani et al., 2020) re-
ported 2.95% as EER on the Voxceleb1 dataset.
Authors in paper (Moufidi et al., 2023) utilized
a residual neural network to encode depth
videos, while a time delay neural network
architecture was used to encode voice signals.
To evaluate the performance, 1,000 random
speakers from the VoxCeleb2 dataset were
selected. In that work, the accuracy of the
three systems based on voice, depth of the lip
regions, and overall fusion reached 56.03%,
17.49%, and 64.11%, respectively.

Alam et al., (Alam et al., 2015) introduced
a confidence-based score fusion framework



for audio-visual biometric identification. They
proposed the confidence-ratio approach. The
researchers utilized a database consisting of
43 individuals. The results indicated that, in
the best case with clean data, an accuracy
of 90.45% was achieved. Paper (Asadpour
etal., 2011) employed a combination of audio
and video features by implementing a hidden
Markov model.

The study (Shah et al., 2023) suggested
a two-branch network to extract facial and
voice signal features, using a support vector
machine to classify speakers based on single
and multi-domain features. Their method got
an accuracy of 97.2 % for Speaker identifi-
cation performance on VoxCelebl. In (Sar1
et al.,, 2021), a multi-view model with a shared
classifier to map audio and video into a unified
space was introduced. The unimodal and
audio-visual fusion approaches achieved an
equal error rate of 1.6% on the VoxCeleb2
dataset in the person verification.

Qian et al.,(Qian et al., 2021) introduced
three types of audio-visual deep neural net-
works: feature level, embedding level, and
embedding level combination with joint learn-
ing. The VoxCeleb2 test trial list experiments
demonstrated equal error rates of 5.08% and
2.89% for visual and audio modality systems,
respectively. Tao et al., (Tao et al., 2020)
employed an audio-visual cross-modal dis-
crimination network for speaker recognition.
The best setting of the system gained an
accuracy of 86.12% on VoxCeleb2 for speaker
identification in score-level fusion.

The paper (Stefanidi et al., 2020) introduced
an approach to person identification using
CNNs on the VoxCeleb1 audiovisual database.
The outcomes achieved an 86.97% top-5 ac-
curacy. Cai et al, (Cai et al., 2022) pre-
sented a self-supervised learning framework
for speaker recognition, which combined clus-
tering and deep representation learning. With
multi-modal training data, their framework
obtained an accuracy of 77.60% on the Vox-
Celeb2.

3 Multimodal Learning Strategies

This work uses two single-modality systems
to analyze each modality before exploring
multimodal learning strategies. For the first

system, VoiceNet, we examined two methods.
The first one is the x-vector, which is a one-
dimensional CNN with five convolutional
layers, a statistical pooling layer (Wang et al.,
2021), and three fully connected layers that
focus on identity identification from voice
modality. The architecture of this neural
network is depicted in Figure 1. The second
one is the gammatonegram, which represents
the utterances as an image and fine-tunes
the Darknetl9 (Redmon and Farhadi, 2017)
for learning the features of each speaker and
classification task.

As shown in figure 1, the person’s speech
is extracted from the video file, and silence
is removed using a Voice Activity Detector
(VAD) (Giannakopoulos, 2009). The audio
files are then transformed into MFCC (Mel-
frequency cepstral coefficients) features, and
the mismatch between training and test utter-
ances is reduced using the CMVN (Cepstral
Mean and Variance Normalization) technique
(Prasad and Umesh, 2013) and serves as input
for VoiceNet. We made another VoiceNet
using gammatonegram separately. The final
layer of VoiceNet consists of 118 neurons,
representing the number of speakers. The
outputs of VoiceNets present the performance
of the person identification systems based on
voice modality.

In addition to VoiceNet, the FaceNet is
proposed for face recognition, as shown in
Figure 1. FaceNet is built using a pre-trained
CNN known as VGGFace2, which has been
trained on more than 3.3 million face images
(Cao et al., 2018). The transfer learning tech-
nique is employed, where the final layers of
the network are replaced with new layers
to learn the specific information of the new
individuals.

The output of FaceNet represents the re-
sult of person identification using the face
modality. To ensure comparability across
different multimodal learning scenarios, an
overall audio file and a single frame of the
face are extracted from each video file. Since
each video contains only one person, the 25th
frame is extracted as the face modality.

Figure 1 illustrates the three proposed strate-
gies for multimodal learning: sensor fusion,
feature fusion, and score fusion. This study
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Figure 1: The block diagram of the proposed single-modality systems consists of VoiceNet, FaceNet, and
three multimodal systems with different fusion strategies

uses FaceNet and VoiceNets as the foundation
for feature and score fusion systems. However,
We employ a separate network with mixed
modalities as input for the sensor fusion
mode. In the subsequent sections, we compre-
hensively explain each multimodal learning
strategy.

3.1 Sensor Level Fusion

Since images are two-dimensional and
sounds are one-dimensional signals in this
multimodal learning strategy, we aim to
combine them into a shared data space. We
chose the gammatonegram visualization
method (Farhadipour et al., 2014) to represent
audio files. Sensor-level multimodal learning
is performed on the VGGFace2 network
and using transfer learning. As depicted
in the sensor level fusion system in Figure
1, we create an integrated image to serve
as input for the FaceVoiceNet. This input
image incorporates both facial and voice
information. The reasons for choosing voice
as the modality to be mapped to a new
space were influenced by two factors: the
availability of a powerful pre-trained network
for face recognition and the common practice
of representing voice in the form of an image
using the gammatonegram.

3.2 Feature Level Fusion

In the feature fusion mode, as depicted in
Figure 1, a softmax layer is employed for
multimodal learning. In this mode, VoiceNet
is utilized to extract the x-vector, resulting in a
feature vector of speakers with dimensions

of 512x1. Similarly, from the FaceNet, the
activation values of the last ReLU layer are
extracted as the facial feature embedding,
which is a 512x1 vector. These two vectors are
concatenated and construct a bimodal vector
with a size of 1024x1. In another scenario, we
replace gammatonegram and Darknet with
the x-vector. In this situation, we extract a
118x1 vector from a middle layer of Darknet19
as a feature vector to concatenate with facial
features and create a 630x1 dimension multi-
modal feature vector.

3.3 Score Level Fusion

The score fusion strategy aims to reach a
function that accurately predicts the correct
speaker ID by using the score vectors from the
basis networks. In other words, our proposed
system tries to estimate the f in eq. (1) to make
D, which is the ground truth in the training
process and the final decision in the testing
phase.

D = f(x,y) (1)

In this equation, x and y are the score vectors
of VoiceNets and FaceNet, respectively. We
used the softmax layer for modeling f based
on its high modeling ability. Each input vector
has 118 components, resulting in a bimodal
vector with a dimension of 236x1.

4 Evaluation Setup

In this work, the test part of the VoxCeleb2
dataset is used for evaluation. This part
consists of 118 speakers and is extracted from
YouTube videos in real-world conditions, in-
cluding various types of noise such as laughter,



cross-talk, channel effects, music, and some
other environmental sounds. We used this
subset just to compare the performance of
different strategies proposed in this work in
a common situation. The test section of Vox-
Celeb2 comprises a total of 4,911 unique video
files and 36,237 utterances extracted from
these videos (Chung et al., 2018). To evaluate
the performance of the systems, the K-fold
cross-validation technique is employed, with
a value of K=3 based on a traditional strategy
to use 70% of data for training and the rest
for testing. This means that the evaluation is
repeated three times, and in each iteration, two
folds of the dataset are used for training, while
the remaining fold is employed for testing.
Under these conditions, approximately 24,000
bimodal utterances are used for training, while
around 12,000 bimodal utterances are used for
testing.

VoiceNet was trained in 8 epochs, with 128
batch sizes, and the learning rate was adjusted
from le-3 to le-5. On the other hand, the
VGGFace? is trained in 15 epochs with batch
size 32 and a constant learning rate of le-
3. For fine-tuning the Darknet19, we set the
learning rate to le-4 with 15 epochs. Cross-
entropy was used as a loss function in the
training process of CNNs and softmax layers.
Moreover, stochastic gradient descent with
momentum was utilized as the optimizer. The
training process is stopped for multimodal
learning using the softmax layer when the
minimum gradient criteria are satisfied. In
this work, it occurred around the 40th to 50th
epoch. Two data augmentation techniques
were used to avoid overfitting and making
a general system: rotation operators within
the range of [-20, 20] degrees and vertical and
horizontal translation by a distance of [5, 5]
pixels.

To evaluate proposed identification systems,
there exist several metrics that can be utilized
to evaluate the efficiency of a multi-class
pattern recognition system. The system’s
effectiveness can be demonstrated from var-
ious perspectives by carefully selecting the
appropriate metrics that enable comparisons
with other works. The proposed evaluation
parameters encompass precision, specificity,
sensitivity, accuracy, and F1 score. The utiliza-

tion of a confusion matrix allows for a visual
representation of these parameters (Lever,
2016). Verification systems have encountered
two types of errors: false acceptance and false
rejection. False acceptance refers to the claims
that were accepted inaccurately. However,
false rejection deals with the identity that is
rejected incorrectly. Equational Error Rate
(EER) is the optimum point at which these
two errors are equal.

5 Experimental Results

Our main goal is to compare different strate-
gies in modality fusion. In this part, we
report experimental results in two scenarios.
Person identification results are reported to
compare the performance of different fusion
modes in multi-class classification scenarios
in equal situations. Based on the results of
the identification task, the best fusion mode
is evaluated in the verification scenario as a
two-class classification besides single modality
modes.

5.1 Person Identification

According to the results in Table 1, the
performance of the proposed person identi-
fication systems in the single modality can be
observed in face identification and two other
speaker identification separated based on the
x-vector and gammatonegram representation
methodologies. The table includes the achieve-
ments for each fold separately and the average
performance. Based on the results, it is evident
that the system performs better in face single
modality recognition than voice. The accuracy
achieved by the FaceNet is 96.00%, while the
VoiceNet reached an accuracy of 72.67% using
x-vector and an accuracy of 61.64% based on
gammatonegram. It seems that the x-vector
could represent the speaker feature better than
the gammatonegram in single modality mode.

Other parameters that provide more insight
into the systems’ performance can also be
found in Table 1. These parameters present the
ability of systems to accept correct utterances
and reject incorrect utterances for each class.
It is worth noting that the presence of babble
noise and low sound quality significantly im-
pact the performance of VoiceNets, resulting
in its lower accuracy compared to FaceNet.



Face Identification

x-Vector Speaker Identification

Metrics Gamma. Speaker Identification

Fold1 Fold2 Fold3 Avg. | Foldl Fold2 Fold3 Avg. | Foldl Fold2 Fold3 | Avg.
Precision 0.97 0.97 0.95 0.96 0.68 0.77 0.74 0.73 0.60 0.64 0.60 0.61
Sensitivity 0.97 0.97 0.95 0.96 0.68 0.77 0.74 0.73 0.60 0.64 0.60 0.61
Specificity 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
F-measure 0.97 0.97 0.95 0.96 0.68 0.77 0.74 0.73 0.60 0.64 0.60 0.61
Accuracy(%) | 96.54 9647 9499 96.00 | 67.59 7696 7347 7267 | 6045 6447 60.00 61.64

Table 1: Results of single-modality face identification and speaker identification systems with three
different feature sets for three folds and presentation of average values

. Sensor Fusion
Metrics

Score Fusion Feature Fusion

Fold1 Fold2 Fold3 Avg. | Foldl Fold2 Fold3 Avg. | Foldl Fold2 Fold3 | Avg.
Precision 0.95 0.95 0.91 0.94 0.97 0.97 0.95 0.96 0.99 0.99 0.98 0.99
Sensitivity 0.95 0.95 0.91 0.94 0.97 0.97 0.95 0.96 0.99 0.99 0.98 0.99
Specificity 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
F-measure 0.95 0.95 0.91 0.94 0.97 0.97 0.95 0.96 0.99 0.99 0.98 0.99
Accuracy(%) | 95.02 9510 9070 93.61 | 96.73  96.81 95.18 96.24 | 9859 9894 9759  98.37

Table 2: Performance of proposed multimodal identification systems in three different fusion strategies

based on gammatonegram and facial features

Metrics Score Fusion Feature Fusion

Fold1 Fold2 Fold3 Avg. | Foldl Fold2 Fold3 | Avg.
Precision 0.97 0.97 0.96 0.97 0.99 0.99 0.97 0.98
Sensitivity 0.97 0.97 0.96 0.97 0.99 0.99 0.97 0.98
Specificity 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00
F-measure 0.97 0.97 0.96 0.97 0.99 0.99 0.97 0.98
Accuracy(%) | 96.88 9727 9594 96.70 | 98.81  98.88  97.28 98.33

Table 3: Results of proposed multimodal identification systems in two different fusion strategies based

on x-Vector and facial features

In addition, it can be seen that the modali-
ties can complement each other while being
independent of each other. Table 2 presents
the results of three multimodal strategies, each
based on different fusion methods. In this
table, gammatonegram is used for voice and
FaceNet features for face modality. The first
part of the table illustrates the performance of
the proposed multimodal learning system in
sensor fusion mode. Despite achieving pre-
cision, sensitivity, specificity, F-measure, and
accuracy percentage of 0.94, 0.94, 1, 0.94, and
93.61%, respectively, the multimodal system in
sensor fusion mode underperforms compared
to the FaceNet single modality system.

This suggests that gammatonegram as a
speech presentation method can potentially
confuse the sensor-level multimodal system,
leading to a decrease in performance in com-
parison with the single modality system. Al-
though the multimodal learning system with
input-level fusion of image and speech data
does not improve efficiency, it provides valu-
able insights to researchers. The findings
indicate that the fusion of sensors for these two
modalities may not significantly enhance per-
formance, underscoring the need for careful
consideration of fusion strategies and modal-
ity compatibility in multimodal learning sys-
tems.

Based on the investigation in Table 2, the

multimodal system in score fusion mode has
been evaluated using the information from
previous single-modality systems based on
facial features and gammatonegram represen-
tation. Each network’s final softmax layer
data is used as input for the aggregated
softmax layer in multimodal learning. The
average performance across three different
folds shows that the system achieves better
precision, sensitivity, specificity, F-measure,
and accuracy scores than the single modality
mode. Specifically, the system achieves 96.24%
accuracy, which is 0.24% higher than the
result obtained by the FaceNet single-modality
system.

Table 2 reveals that the proposed softmax
layer in feature fusion mode demonstrates
high efficiency, achieving 98.37% accuracy,
0.99 precision, 0.99 sensitivity, 1 specificity,
and 0.99 F-measure. These results signify
a significant improvement in the accuracy
of the person identification task, with a
2.37% increase compared to the performance
of FaceNet in single modality mode. This
underscores the effectiveness of the feature
fusion strategy in enhancing the system’s
accuracy. The additional source data from
different modalities provide extra information
for identification, as they express different
aspects of the same class. For instance, in fold
1, the speaker identification has the lowest



Face Verification
Fold1 Fold2 Fold3 Avg.
EER(%) | 048 050 207 101 599 537 365

Speaker Verification
Fold1 Fold2 Fold3 | Avg.
512 |

Metrics

Table 4: Results of proposed person verification
systems in two single modes

Gammatonegram and FaceNet
Fold1 Fold2 Fold3 Avg.
EER(%) | 044 0.41 161 082 037 0.36 1.15

x-Vector and FaceNet
Fold1 Fold2 Fold3 | Avg.
0.62 |

Metrics

Table 5: Results of proposed person verification
systems in feature fusion modes based on two
different speech features

performance compared to the other two
folds, but the facial recognition for this fold is
done with high accuracy. This demonstrates
that modality fusion can compensate for the
shortcomings of single modalities.

Based on Table 3, the proposed softmax
layer for facial features and x-vector in score
fusion mode reaches 96.7% accuracy on aver-
age, which is better than the single modality
mode. However, the feature fusion mode
showcases remarkable effectiveness, achiev-
ing an accuracy of 98.33%, precision and
sensitivity scores of 0.98 each, a specificity of
1, and an F-measure of 0.98. These findings
underscore the successful enhancement in
accuracy for the person identification task
by 2.33% compared to FaceNet as the best
achievement in single modality mode.

The average achievements of all five modes
show that FaceNet performed the best in
single-modality scenarios. Despite VoiceNet’s
lower efficiency, when combined with the
face embedding feature using gammatone-
gram and x-vector, it improved the identifica-
tion system’s performance in two scenarios:
feature fusion and score fusion. Our best
achievement was in the feature fusion mode,
where we combined facial features with the
gammatonegram.

5.2 Person Verification

In this section, we investigate the results
of the proposed system for the person verifi-
cation task. Based on the results obtained in
person identification, the feature-level fusion
has shown the best performance. Therefore, in
the verification scenario, we only evaluate the
fusion of features consisting of gammatone-
gram, x-vector, and FaceNet’s activations in
multimodal mode, besides two typical single
modality-based person verification. In this

feature fusion mode, the proposed person
verification system utilizes Within-Class Co-
variance Normalization (WCCN) and Linear
Discriminant Analysis (LDA) to reduce intra-
class variation and decrease the dimension
of the feature vector, respectively. The LDA
output yields a vector with 150 components as
an eigenvector from the original vector with
1,024 elements.

Furthermore, Gaussian Probabilistic Linear
Discriminant Analysis (GPLDA) is employed
for decision-making. It is trained with 20
iterations and uses vectors with a length of
150 components. These parameters remain
fixed in both single and multimodal scenarios.
The results of this evaluation can be found in
Table 4.

In the single modality mode in verification
tasks, both proposed FaceNet and VoiceNet
are used as feature extractors, and their fea-
tures are fed into GPLDA for decision-making
in a two-class classification. The results indi-
cate that the average EER in the speaker verifi-
cation using voice modality is 5.12%, while in
the face verification mode, it is 1.01%. As ex-
pected, the system based on face modality per-
forms better due to the superior performance
of the proposed face feature extraction. In
multimodal mode, we designed two systems
based on two different voice features.

In the fusion of x-vector and facial features,
the system achieves an average EER of 0.62%
in the feature fusion mode. however, in
concatenating the gammatonegram feature
vector with the facial feature vector, the system
reaches 0.82% of EER. Similar to the speaker
identification scenario, this demonstrates an
improved performance compared to the single
modality mode.

6 Discussion

visualization of the activity status of lay-
ers can also provide useful information for
understanding CNN’s functionality. Usually,
an appropriate cognition of what happens
inside the CNN network gets little attention,
and one of the approaches is to consider the
CNN as a black box. However, there are
helpful visualization methods to understand
what is happening inside of a CNN. We
depict a representation method called the



Locally-Interpretable Model-agnostic Explana-
tion (LIME) technique (Ribeiro et al., 2016) to
show the crucial parts of the image that play
a more significant role in network decision-
making.

This visualization was made using 2D-
CNN s consisting of FaceNet in Figure 2 and
gammatonegram-based speaker identifiers
in Figure 3. These figures make it possible
to understand which parts of the images are
focused on by the network. It is also possible
to understand whether the network is focused
on the essential and discriminative parts of
the image or not. The image segmentation
colors show each part’s priority according
to a color bar. By examining the map and
its corresponding image, it can be seen that
the network focused on the distinguishing
parts of the image, which is the reason for
the acceptable result for FaceNet and weak
performance on speaker identification using
the gammatonegram feature.

In this work, we tried to analyze different
strategies for audio-visual modality fusion in
the identity recognition task. However, it
could be helpful to compare the results of
the proposed systems with previous work
to understand the scale of the metrics. The
results of the present work depict that utiliz-
ing gammatonegram representation for voice
modality and VGGFace2 pre-trained network
for face modality can properly depict the
identity information in the identification task.
However, utilizing x-vector as a voice feature
vector beside fine-tuned VGGFace2 in the
verification tasks can present the best result.

7 Conclusion

In this work, we analyzed different strate-
gies for audio-visual modality fusion in the
identity recognition tasks. The results of the
present work depict that utilizing gamma-
tonegram representation for voice modality
and VGGFace2 pre-trained network for face
modality can properly depict the identity
information.

This study developed two separate single-
modality systems for voice and face in two
identification and verification tasks. The
FaceNet architecture utilized VGGFace2,
while we had two VoiceNet, the first one

Figure 2: Crucial parts of face images
for decision-making in the FaceNet
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Figure 3: Important part of gamma-
tonegram image from the viewpoint of
Darknet19 network for classification

was trained from scratch to extract the
x-vector, and the second one was based
on gammatonegram representation and
fine-tuning of pre-trained Darknet19. Based
on these systems, multimodal learning was
applied in three fusion modes, as described in
the article. A softmax layer was the classifier
in feature fusion and score fusion approaches
in the person identification task. However,
for person verification, LDA was used for
dimension reduction, and GPLDA was
utilized for decision-making. The evaluation
was conducted on 118 speakers from the
VoxCeleb2 dataset. The results demonstrated
that combining speech and face modalities
using multimodal learning outperformed the
single-mode approach in both identification
and verification tasks. Additionally, the
feature fusion mode was found to be the most
effective strategy for these two modalities.

Future studies could enhance this research
by investigating more efficient speech fea-
tures, such as deep belief networks in autoen-
coder architecture, to be used as input for
the proposed VoiceNet for x-vector extraction.
Moreover, utilizing para-linguistic systems,
such as gender recognition from face or voice,
could offer valuable insights in a score fusion
scenario.
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