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Abstract: Mental health disorders are increasing rapidly due to changes in lifestyle patterns, social pressure and work-related
stress. Traditional mental health assessment primarily depends on self-reported questionnaires, which are subjective and does not
accurately represent individual psychological condition. To overcome these limitations, this paper proposed an objective
behavioural assessment using audio and video emotion analysis for mental health assessment. This proposed framework integrates
a deep convolution neural network based VideoEmoNet model and a convolutional neural-network with long short-term memory
based AudioEmoNet model. The publically available dataset like FER2013 for the VideoEmoNet model and RAVDESS, TESS,
SAVEE, CREMA-D for the AudioEmoNet model are used for experiments. The output of the audio-visual models is integrated
using late fusion technique to provide final mental health assessment state. The AudioEmoNet model achieves 97.47% accuracy
and VideoEmoNet model achieves an accuracy of 95.01%. The proposed audio-visual framework achieves 98.20% accuracy on
benchmark dataset. The proposed framework improves behavioural emotion recognition performance and shows how
complementary audio-visual emotion information can be integrated for behavioural evaluation which is important for mental health
assessment.

Keywords: Audio-visual emotion recognition, mental health assessment, deep learning, facial emotion recognition, audio emotion
recognition

1. Introduction

Mental health disorders have become a global public health concern which affects millions of individuals across
all age groups and social-economic backgrounds [1, 3]. Emotional health, productivity and quality of life are
negatively impacted by the mental health conditions like depression, anxiety and stress [1, 5]. According to recent
mental health report from World Health Organisation, the prevalence of mental health issue has increased considerably
due to factors such as social pressure, occupation stress and lifestyle changes. For improving the mental health
conditions and reducing the burden on the healthcare system, early identification and interventions are very important
[5, 15].

The traditional mental health assessment method primarily relies on self-reported questionnaires, clinical
interviews and psychological evaluation scales [15, 21]. These approaches are widely used for clinical practices which
are having drawbacks such as subjectivity, response bias, recall problem and dependence on individual willingness to
share personal information When people are unable to express their emotional state accurately, the accuracy and
reliability of mental health of assessment may be affected [15]. These drawback emphasise the need of more objective
and data-driven assessment mechanism which helps mental health professional for analysis and monitoring process.
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An individual’s emotional and psychological state can be objectively determined by human behavioural signals.
Among various behavioural modalities, audio and facial expressions are considered highly informative because they
naturally reflect emotional changes associated with mental health conditions. The Facial expression provides visual
cues that indicate emotion likes happy, sad, anger, fear and stress [17-20], while variation in audio characteristics such
as tone, pitch and energy can reveal the emotional state. The automatic extraction and analysis of these behavioural
indicators were made possible by development in computer vision and audio processing.

The rapid advancement in deep learning techniques has significantly transformed the field of emotion
recognition. By automatically learning hierarchical feature representation from raw data, deep neural networks have
proven better than tradition machine learning techniques. Convolutional neural networks archive remarkable
performance in the audio emotion recognition process by extracting important features from audio signals.

Even if there is a progress in facial and audio emotion recognition several challenges are unresolved. Many
researchers are focus on unimodal technique either audio or facial expression. These methods are providing good
results for emotion classification but fail to give result for comprehensive assessment which is suitable for mental
health analysis [18]. As a result, there is growing need for robust deep learning framework that can objectively analyse
behavioural indicators lined to psychological well-being [20,25].

Motivated by these challenges, this study proposes a deep learning-based audio-visual behavioural assessment
framework for objective mental health analysis. The proposed approach combines multimodal inputs, video-based
facial emotion feature and audio-based emotion characteristics to enable more comprehensive and objective
evaluation. The integration of these modalities enhances the accuracy and consistency of analysing the mental health
state as compared to traditional methods.

The primary contribution of this research is summarized as follows:

® Design of video emotion recognition model VideoEmoNet using deep convolutional neural-network for
facial emotion recognition using FER2013 dataset

® Design of a convolutional neural network-based audio emotion recognition model AudioEmoNet using
MFCC, RMSE and ZCR features for audio emotion recognition.

® Negative emotion aggregation is process for both audio and video modalities, where sadness, anger, and fear
values are combined to generate behavioural distress score before audio-visual model.

® A late fusion strategy is investigated for combining complementary audio and video emotional features.

® The proposed model was independently evaluated using multimodal benchmark dataset which is not used for
training the model, thereby providing an independent evaluation of the model's generalization capability

The literature survey based on audio and visual emotion recognition models and audio-visual models are
covered in section 2. Section 3 presents the proposed system architecture. The methodology and materials are
discussed in section 4. The results are discussed in section 5. Section 6 presents conclusion and future scope

2. Literature survey

Mental health disorders have become a major public health concern, so researchers are motivated to develop
automated and objective assessment systems using artificial intelligence and deep learning techniques. Form recent
studies it has been identified that facial expressions and audio signals are effective behavioural indicators for
recognition of human emotions and support for mental health assessment. Prediction performance can be increase by
a fusion framework that integrates complementary information from several modalities. The major contributions of
recent studies are discussed in this section.

2.1 Literature survey of audio emotion recognition models
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Log-spectrograms, Mel-spectrograms, and Mel Frequency Cepstral Coefficients (MFCCs), are typically used
as inputs for a variety of deep learning and machine learning models. A.S. Alluhaidan gives enhance feature extraction
technique which gives hybrid features. MFCCT is used as input to convolution neural network model to enhance the
performance [4]. STFT pre-processing. VGGish and YAMNet pertained models are used by Tae-Wan Kim [5]. J.
Singh proposes a self-attention based deep learning model by combining a long short term memory and a two-
dimensional convolutional neural network [7]. S. Mishra uses an ensemble deep convolution neural network technique
with Bidirectional LSTM-based framework for audio emotion classification and recognition [8]. For data
augmentation C. Barhoumi uses a deep learning method along with noise addition and spectrogram shifting
techniques. The model accuracy is increase by using convolution neural network techniques with, multilayer
perceptron and bidirectional long-short-term memory [9]. Rolinson Begazo propose an architecture with one
dimensional and two dimensional convolutions neural network that combines pictures of spectrograms and spectral
characteristics [20]. R. Ullah uses Transformer encoder in conjunction with convolutional neural networks [11]. A
deep convolution neural networks such as convolution recurrent neural network and gated recurrent unit used by L.T.
Van [12].

Table 1: Summary of audio emotion recognition models

Reference

Author

Model

Input Features

Database

Accuracy(%)

Limitations

(4]

Ala et al.

1D CNN

MFCCT(MFCCs
with Time
Domain feature)

EMO-DB
SAVEE

RAVDESS

97
93
92

Accuracy can
be increased by
using  RNNs
and  acoustic
features

(7]

J Singh et
al.

CNN+LSTM+Attention

MFCCs

RAVDESS, TESS

90.19

Multi-modal
setup using
audio features

(8]

S Mishra
et al.

Hybrid deep CNN +
BILSTM

MFSC

TESS, SAVEE

96.36

Validation can
be performed
on more
datasets

(9]

C
Barhoumi
et al.

CNN+ BiLSTM

MFCC+ Mel
spectrogram  +
ZCR + Chroma +
RMS

RAVDESS,
TESS, EMO-DB

90.12

To enhance the
performance
the system can
be extended to
other languages
using transfer
learning

[11]

R Ullah et
al.

CTENet( Two parallel
CNN)

MFCC Spectrum

RAVDESS,
IEMOCAP

82.31
79.42

Accuracy can
be increase by
refining the
model
architecture

Table 1 provide summary of various audio emotion recognition approach using deep learning architecture and
acoustic features. Highest accuracy is achieved by, hybrid architecture and multi feature extraction methods.
Performance of the model varies as per the samples in datasets. This literature summary highlight the need for robust
emotion recognition models.

2.2 Literature survey of video emotion recognition models

Facial feature is used as an input to various Convolution Neural Network and Deep Convolution Neural
Network based machine learning models. Dhvanil Bhagata proposed method which immediately detect emotion from
real time video stream. This method overcomes the practical constraints of current facial emotion recognition
techniques and closes the gap between lab research and practical implementations [13]. E. G Dada proposed a
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convolution neural network-10 model with transfer learning methods for facial expression recognition. This model
provides a strong tool for accurately identifying and understanding facial expressions [15]. V. Rathod used a method,
in which patient's emotional state is taken into account when diagnosing 11 distinct mental health problems [16].
Transfer learning (fine-tuning) with pre-trained Inception- and MobileNet-V2 models used by E. SatrioAgung for
creating convolutional neural network models [17]. O.C. Oguine uses two deep learning architectures: Deep
convolution neural networks and Harr cascade. Deep Convolution Neural Network used in this study has numerous
kernels, additional convolutional layers, and ReL U activation functions which is used for improving the filtering path
and facial feature extraction. [18]. J. AINA uses fusion of convolution neural networks and Visual Transformer (ViT)
are used by J. AINA for prediction of mental health state [19]. D.Turcian provide a technique for facial expression
recognition using a small amount of training data that can be accessed remotely via a web or mobile application [20].
Haibo Xu proposed a mental health analysis method which combines traditional scales with multimodal intelligent
recognition technology [22]. Summary of video emotion recognition models study are given in below Table 1

Table 2: Summary of video emotion recognition models

Reference Author Model Dataset Training Limitations
Accuracy(%)

[13] Bhagat et al Deep CNN | FER2013 82.56 The model
using pertained precision can be
model + Harr extended
Face classifier

[15] Rathod et al 2D-CNN FER2013 76.17 Remote Mental

Health Analysis
not available

[18] Oguine et al DCNN+Harr FER2013 70.04 Due to
Cascade insuffient
dataset

Difficulty in
Prediction of
two classes

[20] Turcian et al CNN FER2013 70.73 Inadequate
dataset make it
difficult to
develop
generalizable
algorithm

[22] Xu et al DCNN FER2013 82.3 Accuracy can be
improved and
Insufficient data
sample

Table 2 summarizes the literature summary for video emotion recognition methods and their performance on
FER2013 dataset. Various convolution neural networks based architecture show different level of training and
validation accuracy. The result indicates that pertained model with deep convolution neural network architecture
provides high accuracy, while several approaches suffer from limited generalization. This analysis highlights research
gap for improving model performance.

2.3 Literature survey on audio-visual mental health assessment models

L. ZHang et al proposed DepITCM, a multimodal depression detection system that integrates facial and audio
information using multi-task learning [23]. Yuchun et al designed a multimodal model based on the audio-visual
emotional features using convolutional neural network architecture [25]. Tiwary et al. proposed a multimodal
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depression identification model using a convolutional neural network-based audio and video model. The parallel
branches of CNN process both audio and video input individually [26]. Zhang et al. proposed a multimodal depression
detection model which integrates audio and video signals using long short-term memory network. Audio and video
features are extracted separately and the output of both modalities are fused to get the final result [29]. Multimodal
depression detection framework proposed by khan et al. which integrates Dynamic Gating Network(DGN), Multi
Head Attention Network(MHAN), and Explainable artificial intelligence(XAI). The adaptive fusion mechanism
enhanced generalisation and interpretability across several benchmark datasets by dynamically adjusting each
contribution of each modality [30]. The model captured emotional features from the audio-visual model and adjusted
the contribution of both modalities to optimise the performance of the mental health prediction. Basha et al. developed
a real-time multimodal emotion and stress recognition system by integrating facial expression analysis with the audio
emotion recognition. This framework uses facial landmark detection along with MFCC-based audio feature extraction
and hybrid neural network for classification of emotions. The system gives better results for stress monitoring rather
than overall mental health risk assessment. To improve detection accuracy, this method simultaneously learns global
and local features [32].

Table 3. Comparative analysis of audio-visual mental health assessment models

Referen | Autho | Method modali | Dataset | Mental | Accura | Advantages Limitatio
ce r ty Disorde cy ns
r
[23] L.Zha | LSTM based | Video | DAIC- Depressi | 83.86% | Multimodal Noisy
ng et multimodal + WOZ, on model data,
al. Audio E-DAIC Limited
dataset
cause
overfitting
[25] Yichu | Spatio- Facial | AVEC20 | Mental 96.73% | Dynamic fusion | Prediction
netal | temporal + 14 health strategy for only
attention Audio analysis two
mechanism+C disorder
NN
[26] Tiwar | CNN Facial | DAIC- Mental T7% Parallel Identify
y et al. + w0z health branches of only
Audio monitori CNN depression
ng disorder
[29] Zhang | Multi-task Facial Depressi | 82.3% Learns global Limited
et deep learning | + on and local expandabi
Audio | AVEC features lity
2017
[30] Khan | Dynamic Facial | DAIC- Depressi | 93% Adaptive High
et al. Gating+ + w0z on fusion,Explaina | computati
Multi-head Audio bilty on cost
attention +
EAI
[32] Basha | Hybrid neural | Facial | Real Stress 95.2% Real time Not
et al network + time emotion and address
Audio | multimo stress long-term
dal monitoring progressio
dataset n
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The Table 3 presents comparative analysis of various existing audio-visual mental health analysis models,
which indicates that significant progress has been made in deep learning and multimodal learning for mental health
assessment. The studies have focused on facial and audio emotion recognition with integration of audio and video

information. The audio-visual frameworks give better results by integrating complementary information from different
behavioural modalities.

However, there are certain limitations in the study. Most of the researchers designed a model for depression
prediction and identification, which restricted to more general mental health risk assessment. Most researcher work is
on computationally demanding fusion techniques which are difficult to implement. The use of complex a multimodal
model increases processing cost and decreases interpretability of the model.

From the analysis of the literature survey, it has been identified that there is a need of simple, robust and efficient
multimodal framework which is capable of the identification of several mental health risks assessment rather than
focusing on a single mental health disorder. To overcome these limitations, the present research proposes an audio-
visual framework that integrates audio and video emotion recognition results. The proposed framework provides
objective and reliable method for early mental assessment by using complementary information extracted from the
facial expressions and audio signals.

3. Proposed audio-visual late fusion architecture

The Figure 1 illustrates the proposed audio-visual fusion framework for mental health assessment.

Proposed Audio-Visual Late Fusion Architecture for Objective Mental Health Assessment
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Figure 1. Proposed audio-visual framework for objective mental health assessment

The proposed architecture performs objective mental health assessments by integrating audio and visual
emotion recognition score using late fusion technique. The individual mental health risk is analysed using behavioural

638



cues extracted from facial expression and audio signals. The complete architecture consists of six stages which are
describe below.

a)

b)

d)

Data Acquisition: Facial videos of the user are captured using a web camera or a digital camera and audio
signals are recorded using microphone. These behavioural modality provides complementary information,
where facial expression represents visual emotional cues and audio signals reflects vocal characteristics such
as tone. Pitch and intensity.

Audio pre-processing.: The recorded audio is pre-processed before the emotion classification. Noise
reduction, signal normalisation, audio segmentations are the steps of audio pre-processing.

Audio emotion recognition: The convolution neural network based model is designed to extract acoustic
features like Mel-frequency cepstral coefficient, Root Mean Square Energy, Zero Crossing Rate for
classification of emotion using convolution neural networks.

Video processing: Video prepressing is going through various stages before emotion recognition to improve
the quality of feature extraction. Face detection, face alignment, frame extraction, image resizing and pixel
normalisation are the steps for video pre-processing. These steps reduce background noise, illumination
variation and unnecessary information before emotion recognition.

Facial emotion recognition: After pre-processing, facial images are input to the modified deep neural
network architecture. The network extracted facial features through various convolution layers followed by
batch normalisation, the max pooling and a dropout layer. The facial features are classified into seven basic
emotions using softmax activation function.

Audio-visual fusion Model: The predicted output of the video and audio modality are fused to determine
mental health analysis of individuals. Both audio and video modalities are assigned equal importance because
each provides complementary behavioural information. The fused emotion representation captured
complementary information from both audio and video modalities, which gives a more robust and reliable
assessment than the unimodal models.

The proposed framework used negative emotions state like anger,fear and sadness because this emotion are

used as a behavioural indicators for the proposed framework. The negative emotion score is calculated for each
modality.
Ev = sad + fear + angry )
Ea = sad + fear + angry 2)
M =Wv.Ev+ Wa.Ea 3)
Wv =05Wa=05 and Wov+ Wa =1
Where

behavi

M=Fused behavioural emotion score
Ev=Negative emotion score for visual model
Ea=negative emotion score for audio model
Wv=Weight assigned to visual model
Wa=Weight assigned to audio model

Equal weights were assigned to audio and visual modalities because both modalities give complementary
oural information.
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g) Mental health assessment: The mental health risk score is calculated using fusion output M. If M=1 then
mental health risk detected else no risk of mental health. The fused behavioural score M is converted into a
binary mental-health score decision using a threshold T. If M> T then output is assigned to class 1, indicating
the presence of mental-health risk; otherwise, the output is assigned to class 0, indicating no detected risk.
The threshold T=0.5 is determined using the validation set to obtain the optimal classification performance.

M={yes M=1No M=0 4)
This behavioural method can be used as a decision support tool for early assessment of mental health state.

4. Material and Methodology

4.1 Dataset used for audio and visual model

This section discusses the dataset used by video and audio models. The FER2013 dataset is used for training
and testing by the video emotion recognition model. The audio emotion recognition model used RAVDESS, TESS,
SAVEE and CREMA-D datasets.

4.1.1 Audio emotion datasets: Multiple benchmark datasets are combined to train the Audio emotion
recognition model, which helps to improve data diversity and robustness of the model. The audio datasets consist of
recordings with various emotion states.

The Ryerson Audio-visual Database of Emotional Speech and Song (RAVDESS) dataset consists of recordings
from 12 men and 12 females. These recordings are of varying intensity levels. The Toronto emotional speech set
(TESS) dataset consists of 2800 recordings of seven different emotion states which are in wav format. SAVEE (Surrey
Audio-visual Expressed Emotion) dataset consist of recordings from male speakers which are partition into training,
testing and validation for systemic evaluation. A crowd-sourced Emotional Multimodal Actors Dataset (CREMA-D)
consists of emotion audio recording of 91 actors. This dataset provides high quality of recordings with consistent
sampling rate and supports reliable feature extraction and classification [34].

The model generalization can be improved by combining different audio datasets. All audio recordings are
resampled to a common sampling frequency, normalised and process using feature extraction technique. To improve
robustness across different recording conditions data augmentation technique like noise addition, pitch shifting and
time stretching were applied.

4.1.1 Facial emotion dataset: FER2013 is a large-scale dataset used for facial expression recognition. This
dataset consists of 48X 48 pixel images of seven basic emotions (0=Angry, 1=Disgust, 2=Fear, 3=Happy, 4=Sad,
5=Surprise, 6=Neutral). It is widely used for benchmarking FER algorithm. training deep neural network and studying
cross dataset generalisation [35]. The training set consists of 28,709 examples and the public test set consists of 3,589
examples.

The FER2013 is used as benchmark dataset for facial expression analysis for independently training the
VideoEmoNet model. This dataset is used to learn a strong mapping between facial appearance patterns and basic
emotional state.

4.2 Dataset used for audio-visual fusion model

The Distress Analysis Interview Corpus Wizard-of-Oz (DAIC-WOZ) dataset is a multimodal dataset used by
audio-visual model. This dataset includes audio, video and transcript data used to support the diagnosis of
physiological conditions like depression and anxiety [36]. It is not publically available due to privacy restriction,
access can have requested through the officially dataset portal. The dataset consists of 189 interaction sessions with
predefined division of training and testing samples.

4.3 Methodology for AudioEmoNet: Proposed audio emotion recognition model:
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The Figure 2 illustrate the proposed AudioEmoNet architecture for audio emotion recognition. The model
combines the convolution neural network for acoustics feature extraction with long short-term memory network for
learning temporal dependencies in audio signals. Initially, input audio signal is pre-processed. The handcrafted
acoustic features such as Mel-frequency cepstral coefficient, root mean square energy, zero crossing rate are extracted
to represent temporal and spectral characteristics of audio.

The CNN architecture consist of three one-dimensional convolutional layers with 1024,512 and 256 filter
respectively. Each CNN layer used the ReLU activation function and a kernel of size 5 to learns the acoustic patterns
from extracted features. Max pooling reduces feature dimension, batch normalisation after each convolutional block
accelerate convergence and the drop out layers are used to minimize overfitting.

AudioEmoNet : CNN-LSTM Architecture for Audio Emotion Recognition
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Figure 2: Methodology for AudioEmoNet model

The features extracted from the CNN are passed to the three stacked layers of LSTM each consisting of 128
hidden units. The first two LSTM layers return a complete sequence to preserve temporal information whereas, the
final LSTM layer generate compact sequence for emotion classification. The extracted temporal features are processed
using fully connected layer containing 128,64 and 32 neurons with the ReLU activation function. The Softmax
function classifies the emotions into seven categories namely Angry, Disgust, fear, Happy, Neutral, sad and surprise.
The proposed CNN-LSTM model improves the audio emotion recognition process by effectively capturing local
spectral features and long- term temporal dependencies of audio.
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Figure 3. Confusion matrix for AudioEmoNet model

The Figure 3 presents the confusion matrix of The AudioEmoNet model. The Model achieves an accuracy of
97.47%, which indicates consistence performance of all emotion classes. The diagonal elements of the confusion

matrix represent correctly classified samples.

4.4 Methodology for VideoEmoNet: Proposed video emotion recognition model

The Figure 4 illustrate the proposed VideoEmoNet model used for the video emotion recognition process. The
model uses a deep convolutional neural network for classifying emotions in seven different categories. The model is
trained using FER2013 dataset, which consists of grey scale images of seven 48 X 48 pixels with seven different

emotion category.
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VideoEmoNet: Deep Convolutional Neural Network Architecture
for Facial Emotion Recognition (7 Classes)
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Figure 4. Methodology for VideoEmoNet model

The preprocessed images are given as input to the proposed DCNN architecture for feature extraction and
emotion classification. The proposed architecture consists of three convolution blocks. The first block consists of two
convolution layers with 64 filters of size 5 X 5, followed by 2 X 2 max pooling layer. The second layer consists of
two convolutional layers with 128 filters of size 5 X 5, followed by batch normalisation and max pooling. This layer
helps to extract facial features associated with different emotions. The third layer consists of two convolutional layers
with 256 filters of size 3X 3 kernels followed by batch normalization and max pooling. This layer learns the spatial
features, which helps for classification of emotions.

The batch normalization, ReLU activation and dropout rate of 0.2 are used to improve learning stability and
reduce overfitting.
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Confusion Matrix for Entire Dataset

5 4604 2 79 80 86 9 93
H
7500
- 13 514 4 8 4 1 3
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o 7 i) 3000
Y- 10 0
B -1500
@
= - 30 1 60 9% 17
5
g | | 1 1 | 1 = 0
Anger Disgust Fear Happy Sad Surprise Neutral
Predicted Label
precision  recall f1-score support
Anger 0.96 8.93 .94 4953
Disgust 0.99 8.94 0.96 547
Fear 0.93 8.93 8.93 5121
Happy 9.9 0.98 0.97 8989
Sad .94 0.93 .94 6877
Surprise 0.97 8.96 8.97 4002
Neutral .94 8.95 .94 6198
avg / total .95 8.95 0.95 35887

Figure 5. Confusion matrix for VideoEmoNet model

The Figure 5 presents the confusion matrix of the VideoEmoNet model classification performance of
VideoEmoNet model. The model achieves accuracy of 95.01% which, indicates strong and consistent performance of
the model for seven different emotion classes. The diagonal elements of confusion matrix indicate correctly classified
samples.

4.4 Training Configuration
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To maintain fair comparison, both VideoEmoNet and AudioEmoNet model used same pre-processing and

evaluation techniques. The training and implementation parameters are summarized in Table 4.

Table 4. Training and implementation parameter

Parameters Audio Model Video Model
Model Name and Architecture AudioEmoNet VideoEmoNet
Dataset RAVDESS, TESS,SAVEE,CREMA | FER2013
-D
Input datatypes Acoustic features Grayscale facial images

Deep Learning Framework

Tensor Flow/Keras

Tensor Flow/Keras

Input Dimension

MFCC,ZCR,RMSE

48 X 48 Grayscale facial image

Output dimension / classes

7 emotion classes

7 emotion classs

Convolutions filter

1024, 512, 256

64,128,256

Convolution Kernel Size

5X5,5X5,5X5,5X5,5X5,5X5

5X5,5X5,3X3,3X3,3X3,3X3

Pooling

Maxpooling

Maxpooling

Dense Layer

Final 7 class layer

7 class layer

Activation ReLU, Softmax ReLU, Softmax
Training algorithm /Optimizer Adam Adam
Learning Rate 0.001 0.001

Loss Function

Categorical Cross-entropy

Categorical Cross-entropy

Batch size 64 64
Maximum Epochs 100 100
Early stopping yes yes

5. Result and discussion

This section gives experimental findings for proposed framework. The comparative analysis of unimodal and
fusion model is provided to demonstrate the performance improvement achieved through the fusion model.

5.1 Comparative analysis of existing models and proposed models

The Table 5 to Table 7 gives a comparative analysis of result of unimodal and fusion models in terms of
accuracy, precision, recall and f1-score. visual emotion recognition and audio emotion recognition are the unimodal
models for mental health assessment. The multimodal fusion model integrates visual and audio emotion recognition
results to provide better accuracy in mental health analysis process.

Table 5 Comparison of audio emotion recognition models

Method Audio Dataset Accuracy Precision Recall F1-score
1D CNNJ[14] v SAVEE 93.00 92.00 91.00 91.00
CNN + |V RAVDESS, 90.12 90.00 89.00 89.00
BiLSTM[19] TESS, EMO-
DB
CNN+LSTM v RAVDESS, 97.47 97.48 97.47 97.47
TESS,
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(AudioEmoNe SAVEE,
t model) CREMA
-D

Table 6 Comparison of visual emotion recognition models
Method Visual Dataset Accuracy Precision Recall F1-score
DCNN pre | FER2013 82.56 65 62 63
trained and
Harr
classifier[4]
DCNNTJ12] v FER2013 82 80 79 79.5
DCNN v FER2013 95.01% 95.54% 94.60% 95.05%
(VideoEmoNe
t model)

Table 7 Comparison of audio-visual models

Method Visual Audio Dataset Accuracy | Precision Recall F1-score
LSTM based Vv v DAIC- 93.86 93 93.35 93.70
multimodal[23 WOZ

]

Dynamic v v DAIC- 93.00 93.00 92.45 92.65
Gating+ Multi- WOz

head attention

+ EAI[30]

Audio-visual v v DAIC- 98.20% 98.24% 98.22% 98.20%
fusion model w0z

The experimental results show that each model contributes separately for final mental health analysis process.
The audio model provides highest accuracy The audio-visual fusion model gives better results than unimodal models.

Performance Comparison of Proposed Models with Existing Models
B Accuracy (%) B Precision (%) P Recall (%) B Fi-score (%)

(A) Audio Emotion Recognition Models (B) Visual E ion R ition Model (C) Audio-Visual (Multimodal) Models
(Table 5) (Table 6) (Table 7)

100 97.47 97.48 97.47 97.47 100 - 98.20 98.24 95.22 98.20

95.54 95.05
pirt o o) 9386 9300 9335 370 9300 93.00 95 45 92.65

.00
9290 91.00 9100 9012 90.00 g5, 00 89,00

3

Performance (%)

3

20

o o
1D CNN CNN + BIiLSTM CNN + LSTM DCNN Pre-trained DCNN DCNN LSTM based Dynamic Gating + Audio-Visual
[14) 9] (AudicEmoNet model) and Harr Classifier [12) (VideoEmoNet model) Multimodal Multi-head Ezﬂem'on +  Fusion Model
23
(41 23] 30
Methods Methods Methods
Visual models are compared on [ Audio models are compared on i models are compared on
FER2013 dataset. various audio datasets. DAIC-WOZ dataset.

Note: All values are in percentage (%). Higher values indicate better performance.
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Figure 6. Performance comparison of proposed models with existing models

The graphical performance comparison of existing and proposed model in terms of accuracy, precision, recall
and F1-score.are given in Figure 6. These results indicate that combining audio and visual behavioural information
through the proposed fusion approach provides improved and consistent performance compared with the existing
multimodal methods shown in the comparison.

6. Conclusion

This paper presented a fusion framework for mental health assessment using audio-visual emotion recognition.
This framework used behavioral cues obtained from facial expressions and audio signals. The deep convolutional
networks are designed to recognize facial expressions from video wusing the FER2013 dataset.
The convolutional neural network with LSTM is designed to classify audio emotions using acoustic features extracted
from the TESS, RAVDESS, SAVEE and CREMA-D datasets. The output generated by audio and visual modalities
is integrated through a fusion model to provide more robust behavioral representation.

The experimental results show that the proposed AudioEmoNet model achieves 97.47% accuracy, while
VideoEmoNet model achieves 95.01% accuracy. The fusion of audio and visual modality improves the reliability and
robustness. of behavioral emotion analysis as compared to unimodal models. The proposed framework
Provide an objective and automated approach for mental health state conditions. This framework shows how Audio-
visual fusion can be used for intelligent decision-making for early mental health evaluation.

7. Future Scope

To improve accuracy and robustness of mental health assessment, the proposed model can be extended by
adding additional modality like electroencephalography (EEG), electrocardiography (ECG) and wearable sensor data.
The proposed objective behavioral assessment can be extended by adding subjective methods like questionnaires data
collected from individuals. The subjective and objective assessment together can help to increase accuracy of the
proposed framework.

The proposed framework should be validated using large and real-time multimodal dataset collected from
different age groups to increase the generalizability. Explainable Artificial intelligence (EAI) techniques can also be
incorporated, which helps clinicians for analysis of the mental health state. The framework can be used for continuous
monitoring of mental health state by integrating it with mobile applications.
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