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Abstract: In the field of affective computing research, multi-modal emotion detection has gained popularity as a way to
boost recognition robustness and get around the constraints of processing a multiple type of data. Human emotions are
utilized for defining a variety of methodologies, including physiological indicators, facial expressions, as well as
neuroimaging tactics. Here, a novel deep attention mechanism is used for detecting multi-modal emotions. Initially, the
data are collected from audio and video features. For dimensionality reduction, the audio features are extracted using
Constant-Q chromagram and Mel-Frequency Cepstral Coefficients (MM-FC?). After extraction, the audio generation is
carried out by a Convolutional Dense Capsule Network (Conv_DCN) is used. Next is video data; the key frame
extraction is carried out using Enhanced spatial-temporal and Second-Order Gaussian kernels. Here, Second-Order
Gaussian kernels are a powerful tool for extracting features from video data and converting it into a format suitable for
image-based analysis. Next, for video generation, DenseNet-169 is used. At last, all the extracted features are fused, and
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Weighted Late Fusion based Deep Attention Neural Network for Detecting Multi-Modal Emotion

emotions are detected using a Weighted Late Fusion Deep Attention Neural Network (WLF_DALttNN). Python tool is
used for implementation, and the performance measure achieved an accuracy of 97% for RAVDESS and 96% for
CREMA-D dataset.

Index Terms: Convolutional Neural Network (CNN), Recurrent Neural Network (RNN), 3D-Convolutional Neural
Network (3D-CNN), Mel-Frequency Cepstral Coefficients (MFCCs)

1. Introduction

In recent years, the implementation of human-computer interaction systems has become more reliant on emotion
recognition, which has attracted the interest of a wide range of industries. Emotions consist of multiple internal and
external acts, which are complex in psycho-physiological processes [1]. In addition to physiological reactions such as
skin temperature and heart rate, the appearance of emotions includes non-physiological behaviours such as body
language and facial expressions. In general, there are two kinds of tasks related to emotion recognition: discrete
(categorical) and continuous (dimensional) [2, 3]. The emotion space is typically divided into a number of fundamental
emotion classes by discrete emotion recognition, including neutral, anger, sadness, and happiness. Arousal, valence, and
dominance are three common characteristics used to characterize an emotional state. However, emotional state is seen
by continuous emotion identification, which is distributed in a continuous space [4, 5].

Discrete emotion representation is easier to understand than continuous emotion representation. People
communicate their emotions in a variety of ways, such as through spoken words and nonverbal signals like body
language and facial expressions [6]. Understanding the emotional state is possible with such rich multi-modal
information. Previous studies have demonstrated the complementary nature of many modalities for emotion perception
[7, 8]. It contains various modalities, each conveying emotion-relevant information, and researchers are actively
focusing on the best ways to integrate different modalities. Online social media platforms make it simple to gather vast
amounts of emotional data [9]. Additionally, label ambiguity comes from the labour-intensive manual annotation
method, which are used to annotate this data. The lack of high-quality supervised data has thus been a major barrier to
the creation of robust and generalized emotion models [10].

Several algorithms have been considered in the past to recognize emotions in speech. Many people proposed
machine learning techniques such as Support Vector Machines, Hidden Markov Models, Gaussian Mixture Models, and
so on prior to the period of deep learning. Many speech-related domains, such as voice recognition, speaker recognition,
speaker diarization, and so forth, have successfully used deep learning [11, 12, 13]. Deep learning has been employed in
the majority of contemporary speech emotion detection efforts because it is effective at extracting very good high-level
properties from audio, which helps to increase classification accuracy. In the field of computer vision, CNNs are widely
recognized for their ability to extract high-quality features with great efficiency [14, 15, 16]. CNN has also been used to
identify speech emotions, and studies have shown that they operate well on Speech Emotion Recognition (SER) tasks.

Recurrent neural networks (RNNs) are the most suitable for processing speech data since speech is a temporal
sequence [17, 18]. According to a recent trend in the research, multi-modal emotion recognition models outperform
unimodal emotion recognition models due to the additional information provided by the second modality [19].
Numerous research studies have demonstrated that training neural networks with raw audio characteristics yields better
results than training them with hand-crafted features. However, there are also some limitations to handling emotion
recognition. In this study, a novel deep-learning technique is used for detecting multi-modal emotions [20].

Global interest in multimodal real-time analysis of emotional states has lately grown significantly. Because
dynamic multimodal analysis takes into account speech characteristics and employs variables like changes in facial
expressions and eye movements over time, it performs better than static analysis of human emotions. It is still difficult
to discover an effective multimodal model in this field of study that is not too complicated or computationally
demanding. Therefore, an effective and reasonably light multimodal fusion model that takes into account both audio
and visual data is put forth in this study to detect emotional states.

1.1 Motivation

In recent years, deep learning has been used more frequently in the field of multi-modal emotion identification
when coupled with electroencephalograms. Some researchers have used deep learning to identify new features for
emotion recognition because electroencephalogram recordings can be complicated. Convolutional neural network
models were employed in previous studies towards automatic feature extraction as well as finish sentiment recognition,
with some degree of success. So, these existing techniques motivate the creation of a novel DL method for detecting
multi-modal emotion recognition. The major objectives of this proposed technique are:

e The data are collected from audio and video; in order to reduce the dimensionality, feature extraction is carried
out.
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e To extract the audio features, Constant-Q chromagram, and Modified Mel-Frequency Cepstral Coefficients are
used.

e To perform audio modality generation, Conv_DCN is used.

e For extracting the video features, the keyframes are extracted utilizing Enhanced spatial-temporal and Second-
Order Gaussian kernels. For video generation, DenseNet-169 is used.

o All the extracted features are fused and classified using a Weighted Late Fusion-based Deep Attention Neural
Network.

1.2 Paper Organization

The remaining section of this work is explained below; Section 2 contains related works, and Section 3 contains
the proposed methodology. Section 4 contains the result and discussion part, in which performance metrics and
comparison analysis are mentioned. Section 5 mentioned the conclusion and future study.

2. Related Work

For Recognizing Multi-modal Emotion, Zhang et al. [21] suggested a Hierarchical Fusion Convolutional Neural
Network. In this case, a hierarchical combination CNN technique is used to analyze potential information inside data by
constructing multiple hierarchical system structures. For feature-level fusion, the global structures are created by
merging weights through statistical features that are manually extracted from the final feature vector. DEAP and
MAHNOB-HCI data sets were used for implementation. In this existing study, the quality of data is poor.

For MER, Krishna et al. [22] suggested a 1D Convolutional Neural Networks and Cross-Modal Attention. This
existing method combines cross-modal attention networks between audio and text information with 1D convolutional
models for raw audio processing to increase the performance of the emotion recognition system. This existing technique
exhibits the cross-modal attention mechanism and raw audio features. This can compute the interactive information
between audio and text sequences, which is particularly useful for emotion categorization. It causes trouble in managing
lengthy sequences.

For Recognizing Multi-modal Emotion on the RAVDESS Dataset, Luna-Jiménez et al. [23] introduced Transfer
Learning. A bi-LSTM with an attention mechanism after a pre-trained Spatial Transformer Network using saliency
maps and facial images is included in this proposed system. Despite domain adaptation, the error analysis demonstrated
that if frame-based systems were applied directly to a video-based task, they would still have some difficulties. This
technique uses a limited range of datasets.

For identifying multi-modal emotion, Salama et al. [24] suggested an ensemble learning technique-based 3D-
convolutional neural network framework. The suggested method starts by using the 3D-Convolutional Neural Network
(3D-CNN) deep learning architecture to extract spatiotemporal features from human face video data and
electroencephalogram (EEG) signals. The final fusion predictions are generated using a combination of data
augmentation and ensemble learning algorithms. The multi-modalities of the suggested method are fused together using
data and score fusion techniques. The main limitation of this existing work is that it is very sensitive to noise.

For identifying multi-modal emotion through spatiotemporal convolution, Sharafi et al. [25] introduce a novel
neural architecture. In a novel multi-modal neural architecture, a hybrid network composed of two convolutional neural
networks (CNNSs) and a bidirectional long short-term memory (BiLSTM) network gets input from both audio and visual
data. The energy features and Mel-Frequency Cepstral Coefficients (MFCCs) from audio signals and BiLSTM network
outputs are merged with the spatial and temporal features taken from video frames. Finally, the extracted features are
classified using the SoftMax layer. The main issue with this approach is the high computational cost. Table 1 shows the
comparison analysis of the existing approach.

Table 1. Comparison analysis of existing approach

Authors Techniques Datasets Parameters Limitations
Zhang et al. [21] FCNN DEAP and Accuracy — 84.71% for DEAP The quality of data is
MAHNOB-HCI and MAHNOB-HCI accuracy — poor.
89.00%
Krishna et al. [22] 1D CNN IEMOCAP dataset Accuracy- 65% Trouble in managing
long sequences.
Luna-Jiménez et al. [23] BIiLSTM RAVDESS Dataset Accuracy- 80% Limited range of
dataset
Salama et al. [24] 3D-CNN DEAP dataset Accuracy- 96.13% Very sensitive to noise.
Sharafi et al. [25] CNN+ SAVEE and RML Accuracy- 97% for SAVEE and High computational
BiLSTM RML accuracy — 94% Cost.

2.1 Problem Statement

In modern civilization, human-robot interaction (HRI) technologies are essential. However, most HRI systems still
have disagreement issues, which render human-robot communication ineffective. Some of the limitations caused by
previous techniques are very sensitive to noise, high computational cost, the quality of data, etc. To overcome this
limitation, novel deep learning techniques are used for the detection of multi-modal emotion recognition.
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3. Proposed Methodology

Since emotion recognition is a dynamic process that focuses on the emotional state of the individual, now two
people's activities will always produce the same sentiments. To develop a unified human-computer edge, novel
researchers in this field focus on emotional state through account-based reasoning. Human feelings are utilized to define
a selection of methodologies, like neuroimaging tactics, facial expressions, etc. However, some existing DL methods
contain some issues like computational complexity, processing time delay, etc. In order to overcome this limitation,
novel deep learning techniques are used to detect multi-modal emotion recognition. Fig. 1 shows the architecture
proposed methodology.

Audio Video

.||||||||||||||||| (> ]
' ¥

~_ FeatureExtraction ~—____ KeyFrameExtraction ___~

1. Constant-Q chromagram

2. Modified Mel-Frequency Cepstral 1. Enhanced spatial-temporal

2. Second-Order Gaussian kernels

Coefficients

~———— ""-——__

i i Video generation
\__¥Audlo generatlong____/ ~— g -

Convolutional based Dense Capsule DenseNet-169

Network

\-—____ \-____
[ |
v
Fusion -

| Weighted Late Fusion
Classification /4

Deep Attention Neural
Network

Fig. 1. Architecture of proposed method

The above fig. clearly mentions the flow of the proposed technique. First, the data are collected from the audio
signal, and the features are extracted using a new deep-learning technique, and then audio modality generation takes
place. After audio extraction, video data is recovered using a novel deep learning technique and DenseNet for video
modality generation. Finally, all of the retrieved features are fused together using a unique fusion method, and
classification is performed utilizing a deep attention mechanism.

3.1 Audio feature extraction using Constant-Q chromagram

In audio processing, audio feature extraction is the process of converting unprocessed sound waves into useful
information. It concerns the alteration or processing of audio signals. It reduces unwanted noise and maintains the time-
frequency ranges in balance by converting digital and analog signals.

3.1.1 Constant-Q chromagram

A method for musical signal analysis called a constant-Q chromagram is used to quickly and easily evaluate pitch
and chord information. C-Q chromatograms use the Constant-Q Transform (CQT) to analyze audio signals, such as
music. CQT splits the sound spectrum into frequency bits that are spaced logarithmically apart in order to imitate how
individuals perceive pitch. Equations (1) and (2) define the center frequency, which is used to create constant-Q
chromatograms by modifying each speech.

of :91°2% @
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Where, é, indicates the phase shift and w(r) is a window function related to the Hanning window.

D (3)
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This section uses the audio processing tools Librosa to finish the extraction of audio files that represent Constant-Q
chromatograms in order to carry out the previously mentioned procedure. 120 < 120>3 is the dimension of the
chromatogram, and 512 is the number of samples among consecutive chromatic frames. All Constant-Q chromatograms
are normalized at this stage to give Constant-Q chromatogram data for later feature extraction and model training.

3.1.2 Modified Mel-Frequency Cepstral Coefficients (MM-FC?)

Mel-Frequency Cepstral Coefficients (MFCCs) are a class of features that are frequently utilized in music
information retrieval (MIR), automated speech recognition (ASR), and other audio processing applications; these
features are extracted from audio signals. By framing, windowing, and running a series of triangle filters evenly spread
out beside the Mel-frequency scale, MFCC characteristics are generated. After taking the logarithm of each filter's
energy output and performing a Discrete Cosine Transform (DCT), a bit of constants known as vectors N(j)on the

frame j was produced. Change the Mel-frequency using the following formula to increase the linearity of the RCS
signal's frequency range.

e e
g

Ja g
Ow = -log 19 [1+—] (4)
w log 19 2 Oa
l0g10 2.9tw
g=g,0 % -1 ®)

Where, g, represent frequency defined through the spectral collective contribution ron the amount of the RCS
indications, where, g,,, and { represent modified MF as well as linear frequency rulers.

st abslpFT (S p(m)|
ZL&JabS[FFT (ZM:I p(m))] 2! (6)

Where, 1<m <M represents the total amount of signal classes intended from micro-drones and p(m) represents

the arrangement of RCS during motion level m . The M-MFCC method value differs depending on the micro-drone's
mobility condition. As a method of numerically calculating these variations, the Pearson correlation coefficient was
proposed.

(0, m)= conv(N,,Np,) )
O'Mn 'O'Nm

Where, o\ _and oy, are the standard deviation values of N and N, and Conv(;) represent the covariance

operation. The outcomes show that the M-MFCC characteristics can accurately capture the varied movements of micro-
drones.

3.2 Audio modality generation using Convolutional based Dense Capsule Network

After feature extraction, the extracted features are securely stored in modality generation. Audio modality
generation takes place by using a convolutional-based dense capsule network [26]. In the CNN technique, there may be
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9 levels in this network, such as 3 convolutional, 3 fully connected, as well as 3 max-pooling layers. The below
equation is used to convolve each convolution layer (layers 1, 3, and 5) with its corresponding kernel size (3, 4, and 4).

M-1

Ym = ixl Im-1 (8)
-0

Where, x, 0, and M stand for the number of elements in x, the filter, and the signal, respectively. Where, x
represent the output vector's representation. Fig. 2 shows the architecture of CNN.

Fully- connected
layer

Pooled Feature

Feature Maps Pooled feature Feature Maps Maps

Wafer image

Input Pooling layer 2

Convolutional
layer 2

Pooling layer 1
Convolutional layer
1

Fig. 2. Architecture of CNN

After each convolution layer, the feature maps go through a max-pooling process. Max-pooling was performed to
reduce the size of the feature map. The FC layers have 30, 20, and 5 output neurons to reach the final layer (layer 9).
Softmax function uses N, S, V, F, and Q to give separate outputs for each class. The weight and bias are updated in the
calculations below.

Y y oD
AVp(r+1)=—=—2V, —=———+nAV, (r 9
k(r+1) LY k(1) ©)
y oD
AA, (r+1)=—=———+nAA, (r 10
K (r+1) maAk+ k () (10)

Where the symbolsV , A, k, 4, Y, m, n, andr, stand for the corresponding weight, bias, layer number,
regularisation parameter, learning rate, momentum, update step, and cost function.

3.2.1 Dense Capsule Network

Tensor capsule Y (1-5) is an example of a tensor capsule layer, where the routing process is accomplished by using

tensors as units and convolutions as transformation operations. The term "convolution” refers to the conventional two-
dimensional convolutional layer. Dense capsule blocks are sub-network modules made up of tensor capsule layers
coupled by dense connections. The dense connectivity, which is the structure's foundation, is formed by direct
connections from one layer to every other layer. Dense connectivity can be calculated by,

vk =Gk (Yo, k1)) (11)

Every feature map in the layer kis represented by the values yg,..., yx_1 - [Yo.-» Yk_1] Denotes the feature map

concatenation of these maps. Convolutions, rectified linear units, and other operations in the k™ layer combine to form
Gy (e) . Fig. 3 shows the Block diagram of the Dense Capsule Network.
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Dense Capsule Network

Convolutional
layer

" Dense Capsule
Block

Fig. 3. Block diagram of Dense Capsule Network

In this study, the concept of dense connection is extended to the field of capsule networks. The dense
connectedness can then be estimated by,

v‘f :Gk(lv?,...,v‘f_lj) (12)

Where, l\/?,---,vlj(_lj represent the concatenation of every tensor capsule following layer k . Tensor capsule-specific
dynamic routing functions are represented by Gy () . The audio modality is generated from this dense capsule network.

3.3 Video feature extraction

A variety of granularities, including pixel, frame, and segment levels, can be used to extract features from videos.
Frame-level features, such as edges or histograms, capture the global attributes of each frame, whereas pixel-level
features record the raw intensity values of each pixel.

3.3.1 Enhanced spatial-temporal

Spatial and temporal dimensions are the two fundamental components of comprehending video data in the context
of video feature extraction. The suggested method employs spatial feature extraction to determine the best sites for
temporal feature computations, which are extremely effective at distinguishing the contents of video segments. To
accomplish the associated goals, spatial features should perform quite well. Therefore, instead of looking for local
interest locations, a global spatial feature within a frame will be computed. The below equation shows the mean
removed block in spatial features.

1

N 2 R
Y=Y 22v,up (13)
n=1

Where, the eigenvectors of YYR and YRy are VpU, . The eigenvalues of a diagonal matrix are A, then
A1 =25 >....= Ay » On the diagonal line. Fig. 4 shows the flowchart of spatial features.
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Set of scene-change frames ==

Calculatc histogram distances
with neighboring scene-change
frames to select unique ones

Scale the ﬁelected frames and
compute SVD

Check elgeanlue A & remove
the frames with small A

/ : Compute the qpatlal features
and remove the frames with
many don t care” bits

Indexing the key frames
(spatial features)

Similar to taking a picture and examining its contents, spatial features are able to collect the visual information
contained in a single frame of a video. First, the frames are altered; next, the histogram distance between the altered
frames and nearby scene changes is calculated to identify the unique ones. After scaling the chosen frames, calculate the

Singular Value Decomposition (SVD). Examine the eigenvalue 4and eliminate the frames with low 4. Determine
spatial features and discard frames with a lot of "don't care" bits. The final step is Keyframe indexing (spatial
characteristics).

Temporal features capture the dynamics or movement of information between frames in a video. A variety of tasks,
including action recognition, object tracking, and anomaly detection, are made possible by these features, which are
essential for comprehending the "movement” and "action" inside the video data. Since shot lengths may efficiently
maintain a video's distinctive qualities, they are used as temporal features.

Fig. 4. Flowchart of spatial features.

Kj=rTj)-r(Tja) (14)

Where the matching “time unit" of the shot-change frame T is denoted by r(T), the chosen keyframes, and the
duration of each shot for an input video will be recorded.

3.3.2 Second-Order Gaussian kernels

The scale-space architecture has been widely employed in computer vision for feature extraction, including ridge
detection and edge identification. An image's scale-space representation is produced by convolving the data through
Gaussian kernels of varying scales. The process of convolving an image with a Gaussian kernel yields the scale-space

. . . . . . R
representation J  (y;o) at a scale o for a given two-dimensional (2D) image signal J(y) , where y= [y, X]
indicates the planar coordinates.

Jp(y;o) =3(y)*h(y; o) (15)

Where the scale in scale-space is denoted by o , and the 2D Gaussian kernel h(y;o) is represented as:

R
h(y; o) = — 5 exr{— ! 3’ ] (16)
2ro

20

Lindeberg developed a multiplication factor, and the kernel is normalized as follows because the scale parameter is
inversely related to the magnitude of a non-normalized second-order Gaussian kernel:
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20 (v
hi (y;0) = (1) - .52’&;0) -

Where a parameter " indicates that the kernel can be applied to both local dark ( =0) and local brilliant (7 =1)
blob formations.

22 R
hg (y;0)=— y 64 exp| — y g (18)
2o 20

From the above equation, the local contrast between the two lateral regions and the central region is fundamentally
measured by the second-order Gaussian kernel.

3.4 Video Generation using DenseNet-169

One convolutional neural network (CNN) architecture called DenseNet-169 was created by Huang et al. (2017) in
an effort to improve CNN efficiency and performance in object identification applications. DenseNet-169 [27] is a deep
convolutional neural network design with dense layer connections that promotes information flow and feature reuse.
This makes it an effective tool for extracting features from images and videos, resulting in excellent accuracy across a
range of jobs. These attributes include visual features like color, texture, and shape that could indicate the image types.
Fig. 5 shows the architecture of DenseNet-169.

Max-pool Dense Block

Conv Layer layer 1 Transition Dense block
layer 1
2
Tnput
| )
Fully
= N N
lransnlx:)n I'ransition layer 2
layer 3 Dense block
> 3
(o)

Output
Fig. 5. DenseNet-169

Convolutional layers, max-pool layers, dense layers (completely connected layers), and transition layers are part of
the architecture. The last layer of the model employs SoftMax activation, whereas the rest of the design makes use of
the ReLU activation function. The max-pool layers reduce the dimensionality of their inputs, whilst the CN layers
extract the features of the image. The flattening layer, which serves as an Artificial Neural Network (ANN) with a
single array input from the flattening layer, is followed by the fully linked layers.

3.5 Weighted Late Fusion

Weighted late fusion is a technique for merging the findings of many feature extraction methods for both audio and
video analysis. The capacity to accommodate missing data, flexibility in adopting additional modalities, and increased
accuracy through the combination of several models are just a few advantages of Weighted Late Fusion. In contrast to
early fusion, it also permits lower dimensionality and autonomous optimization of individual models. Compared to
conventional deep neural networks, deep attention neural networks provide a number of important advantages, chief
among them being the ability to lower computing costs and allow models to concentrate on pertinent portions of the
input. This makes it possible to digest information more effectively and efficiently, especially when working with
sequential data or when contextual awareness is essential. To improve feature fusion, the suggested model incorporates
these two benefits. This benefit set the suggested fusion model apart from other models that were already in use.
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Weights are allocated to each algorithm based on its performance or contribution, and the weighted outputs are
then merged to produce a final, possibly more accurate forecast. To establish the significance of each biomarker, the
model was trained independently for each of the three physiological signals using video signals. The detection ratio is
used by the framework to assign weights instead of F-scores. The below equation displays the detection ratio (DR).

DR =" (19)

p
(tp+tn+ fp+ fn)

Where, fp represent False Positive, fn represent False Negative, tp indicates True Positive, as well as In
represent True Negative. Each output class's weightV | is determined by:

V =1-DR (20)

To determine the class's predictive score, the weight of every class is then multiplied with the probability vector,
Q , which is associated with each model.

Q=V=*Q (21)

The model's score Q , is determined by aggregating the results of each class. The final fusion output is given in
below equation,

outputclass = max(Paydio » Prideo) (22)
The audio and video features are fused using this weight late fusion approach based on the above equation. After
fusion, the classification stage is utilized to detect multi-modal emotions.

3.6 Deep Attention Neural Network for classification

The self-attention mechanism uses a non-local operation to weight each pixel based on its correlation in order to
model long-distance interdependence. Weights can be used to determine a region's significance. An area has greater
significance than its weight. The operation that is not localized is stated as follows:

1 . .
Xj =-——> 9(yj, yhh(yi) (23)
1 D(y) ¥
When input and output are represented by the same size variables, Yand x, respectively. Where, jdenotes the

output location index, while i stands for the index of every potential location. Fig. 6 shows the architecture of the self-
attention network.

Fig. 6. Self-attention neural network

The relationship between jand all potentially associated places i, which may be stated as weight, is determined
using the pairwise function{. Where, { produces a scalar value, the eigenvalue of the input signal at position i is
determined by the unary functionh, a map function, and its output is a vector. The concatenation function § is given by,

9(yi, vi) = Re LU (VR [o(y1) ¢(yi)] (24)

The concatenation opera is indicated by [] In order to acquire the final self-attention output, this method
additionally connects the result of the non-local operation with the input features.
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Cj =VeXj+Vij (25)

Where a residual connection is represented b +yj, the weight matrix V, has an increased number of channels
equal to the inputy. The self-attention mechanism can be introduced to pre-trained models in a flexible way without

affecting the original model's performance due to the residual connection. By using a self-attention neural network, the
multi-modal emotion is recognized.

4. Result and Discussion

A Python tool is used to assess the performance using the Kaggle dataset. The evaluation employs accuracy, recall,
precision, and F1 score as a performance measure. The proposed technique is compared with existing techniques like
LSTM-+attention, CNN+BiLSTM-+attention, and ResNet-50.

4.1 Dataset Description

RAVDESS: One of the datasets used in the SER tasks is RAVDESS (The Ryerson Audio-Visual Database of
Emotional Speech and Song) [28]. A total of twelve male and twelve female performers, representing eight different
emotional states, are captured on audio and video recordings reciting English sentences. Only the spoken audio samples
were used in this investigation. There are 1440 audio files in total, each with 60 trials and a 48 kHz sample rate. The
spoken audio samples, such as sad, happy, angry, calm, fearful, surprised, disgusted, and neutral, is categories in this
study. This dataset contains 80% training samples and 20% testing samples.

CREMA-D: The CREMA-D (Crowd-sourced Emotional Multimodal Actors Dataset) dataset is the most difficult
to utilize because it incorporates 7442 recordings from ninety-one actors and actresses (43 female and 48 male)
representing a variety of racial and cultural backgrounds [28]. Actors recited twelve words that represented six different
emotional states: happy, neutral, disgusted, fearful, and sad. In this case, 80% of samples are taken for training and 20%
for testing. The hyperparameter setting for the proposed model is discussed in Table 2.

Table 2. Hyperparameter setting

Methods hyperparameter Settings

WLF Adaptation parameter 0.25
Activation function RelLU

dropout 0.5

Momentum 0.9

Mini batch size 128

L2 regularization 10"

Output size 512

loss Cross entropy function

DAttNN Batch size 100

Learning rate 0.001
Number of hidden layers 3

Activation function ReLU
optimizer Adam
Conv_DCN L2 regularization term 0.001
Activation function ReLU

Batch size 100
Learning rate 0.001
optimizer adam

filter 32

Kernel size 3

4.2 Evaluation metrics

The calculation metrics of the proposed method, like precision, accuracy, etc., were compared and evaluated. Table
3 shows the comparison table of performance metrics.

Table 3. Performance metrics

Metrics Formula
Accuracy- It is a term for a quantitative metric used to evaluate how Acc < (Tru po +Tru ne)
ce= (Tru po + Fal g +Trupe + Falne)

well a model or system predicts or estimates the intended result.
Precision-Precision indicates the degree of accuracy of your model _Trup,
when it makes positive predictions. pre= Tru o + Fal o
Tru
—"Mpo
recall = /ru po +Falpe

_(Pre=*recall
F1-=( )/(pre+ recall)

Recall- Recall is defined as the ratio of true positives (TP) to the total of
false negatives (FN).

F1 score- It balances the significance of the classifier's precision and
recall by combining them into a single metric.
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Where, Tru po indicates true positive rate, Tru,, represent true negative rate, Fal po Fepresent false positive, and
Fal,, indicates false negative rate.

4.3 Performance Evaluation and Comparison Analysis

The comparison analysis and performance measures of proposed and existing techniques of the RAVDESS dataset
are mentioned in this section. Fig. 7 shows the training testing accuracy of the proposed method.

RAVDESS dataset: From the above fig., when the epoch value is 200, the training accuracy range starts rising,
and for all other epochs, the accuracy remains constant. For testing accuracy, when the epoch value is 200, the accuracy
starts rising and remains constant for all other epochs. Testing accuracy makes a slight difference from training. Fig. 8
shows the training testing loss of the proposed technique.
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Fig. 7. Training testing accuracy

Training
Testing |

0 200 400 600 800 1000
Number of Epochs

Fig. 8. Training testing loss

From the above graph, when the value of epoch is 0 to 200, the training loss starts to fall down. When the epoch
value is above 200, the loss becomes very low and remains constant for all other epoch values. For testing loss, the
epoch value is 0 to 200, and the loss value starts decreasing and remains constant for all other epochs. Fig. 9 indicates
the confusion matrix of the RAVDESS dataset.
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Fig. 9. Confusion matrix of the RAVDESS dataset

From the above graph, the RAVDESS dataset contains 8 classes, from which 943 classes are totally predicted for
anger. Here, 4 classes are correctly predicted for calm, 3 classes for fear, 3 classes for neutral, and no classes are
predicted for disgust, happy, sad, and surprise. For calm, a total of 994 classes are correctly predicted; from that 4
classes are predicted for fear, 2 classes are predicted for happiness, and all other classes are wrongly predicted. Fig. 10
shows the comparison of both proposed and existing techniques.
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Fig. 10. (a)-(d): Evaluation analysis of suggested and existing approach
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Fig. 10(a) shows the accuracy range of other existing approaches. The accuracy value of existing techniques is
60%, 64.6%, and 69.33%, and for the proposed method, it is 97.38%. Fig. 10 (b) indicates the precision range of
existing approaches is 62%, 65%, and 70%, and the proposed method achieves 92%. Fig. 10 (c) represents the recall
value of existing techniques at 60%, 65%, 69%, and proposed is 95%. Fig. 10 (d) indicates the f1 score of the proposed
is 94%, and for existing, it is 60%, 65%, and 69%. Compared with other existing methods, the proposed method
achieves better results. Table 4 shows the comparison analysis of the RAVDESS dataset. Fig. 11 indicates the batch size.

Table 4. Comparison analysis

Metrics (%) Proposed LSTM-+attention CNN+BILSTM_attention ResNet-50
Accuracy 97.3 60 64.6 69.3
Precision 92 62 65 70

Recall 95 60 65 69
F1 score 94 60 65 69

The above graph indicates that the accuracy value can be found by altering the batch size. When the batch size is
16, the accuracy starts to fall down, and when the batch size is 32 to 64, it slightly rises. When the batch size is 64 to
128, the accuracy value increases. Compared to the existing approach, the proposed approach yields lower outcomes.
Fig. 12 shows the learning rate of the existing and proposed approach.
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Fig. 11. Batch size vs Accuracy
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Fig. 12. Learning rate

The above graph indicates by varying the learning rate, the accuracy range is identified. As compared with the
existing approach, the proposed received a low learning rate. Fig. 13 shows the training testing accuracy of the
CREMA-D dataset.

CREMA-D dataset: When the epoch value is 0 to 200, the training accuracy starts rising. When the epoch value
is above 200, the accuracy rises very high and remains constant for all other epoch values. Testing is similar to training,
but there are some differences. Fig. 14 shows the loss of training and testing.
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When the epoch value is 0, the loss of training starts falling off. When the number of epochs is 200, the training
loss starts decreasing and remains constant for every other number of epochs. Testing is similar to training, except
testing includes some variation in loss values. Fig. 15 indicates the confusion matrix of the CREMA-D dataset.
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Fig. 15. Confusion matrix of CREMA-D dataset
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The confusion matrix contains 6 classes such as angry, disgusted, fearful, happy, neutral, and sad. For angry, the
total predicted class is 1242, 4 predicted class for angry, 2 predicted class for sad, and all are not correctly predicted.
The total predicted class for disgust is 1243; from that, 2 classes are predicted for happy, 2 for neutral, 4 predicted for
sad, and all are wrongly predicted. Fig. 16 indicates the comparison analysis of the CREMA-D dataset.
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Fig. 16. (a)-(d): Comparison analysis of existing as well as proposed approach

Fig. 16(a) shows that the accuracy of the proposed technique is 96.3%, while for other existing techniques, it is
63%, 65%, and 71%. Fig. 16 (b) indicates the precision of existing techniques is 68%, 70%, 76%, and for the proposed,
it is 95%. Fig. 16 (c) indicates the recall range of the proposed is 91%, and for existing are 64%, 65%, and 73%. Fig. 16
(d) represents the f1 score of the proposed, which is 93%, and for existing, it is 71%, 78%, and 80%. Table 5 shows the
comparison analysis of the CREMA-D database. Fig. 17 shows the batch size of the proposed technique.

Table 5. Comparison analysis of existing and proposed approach

Metrics (%) Proposed LSTM+attention CNN+BILSTM_attention ResNet-50
Accuracy 96 63 65 71
Precision 95 68 70 76

Recall 91 64 65 73
F1 score 93 71 78 80

The above fig. indicates that, by varying batch size, the accuracy range is calculated. When the batch size is 16, the
accuracy value starts increasing. When the batch size is 32, accuracy starts to rise, and at 128, it increases at the highest
value. Compared with the existing, the proposed achieves a low outcome. Fig. 18 shows the learning rate.
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Fig. 18. Learning rate

From the above graph, accuracy is determined by varying learning rates. The learning rate of the proposed method
receives low outcomes when compared with the existing approach. Fig. 19 indicates the processing time of the proposed
technique.
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Fig. 19. Processing time

From the above fig., the processing time of the proposed achieves better results. When the number of input data is
0, the processing time is 5 seconds. When the number of data is 100, the processing time increases up to 10s. When the
number of data increases, the processing time also increases. Fig. 20 shows the ROC curve of the proposed approach.
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Fig. 20. ROC curve

The Receiver Operating Characteristic Curve (ROC) calculates the true and false positive range for various edge
settings to identify the precise effectiveness of a recommended strategy. The area under the Curve (AUC) is selected
and correlated with ROC. The suggested approach performed better with a higher ROC value than the existing ones.
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Fig. 21. Feature fusion based comparison, noise sensitivity analysis
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The feature fusion based comparison analysis is shown in Fig. 21 (a). The noise sensitivity analysis for the
proposed and existing models is shown in Fig. 21 (b). the existing feature fusion models that are taken for comparison
are BPAN (Bilinear Pooling and Attention Network), OPCF (over parameterized convolutional fusion model), AttNet
(attentional fusion network), and AttNet-LSTM (attention based LSTM fusion network).
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Fig. 22. MSE and RMSE analysis
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The MSE and RMSE analysis for proposed and existing models is shown in Fig. 22 (a and b). The existing models
that are taken for comparison are LSTM+Attention, CNN+BiLSTM+Attention, and ResNet50. The MSE is computed
by dividing the number of observations by the sum of squared discrepancies between the expected and observed values.
RMSE is a popular statistic for assessing the precision of prediction models in data analysis and machine learning. The
average size of the variations between the expected and actual values is basically what it measures.
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Fig. 23. Computational cost and computational time analysis

The computational cost and time analysis are shown in Fig. 23 (a & b). The existing models that are taken for
comparison are LSTM+Attention, CNN+BiLSTM+Attention, and ResNet50. The cost obtained by the proposed model
is found to be less than the other existing models. This is because of the feature fusion model integrated within the
proposed framework. The fusion strategy has the ability to fuse the most relevant features. Therefore, the learning
process can be accomplished in less time duration.

Table 6. Ablation study analysis

Modulel Module2 Module3 Module4 Module5
Accuracy 97.38 93.4 90.25 88.26 82.10
Precision 92 90.87 84.78 79.45 75.23
Recall 95 92.27 89.99 87.23 81.01
F1-score 94 91.23 89.15 82.78 79.41

The ablation study analysis for the proposed model is shown in Table 6. Module 1 (proposed), module 2 (without
DenseNet-169), module 3(without Dense Capsule Network), module 4 (without Modified MFCC), and Module 5
(without Constant-Q chromagram).

The integrity of feature extraction from multimodal data is preserved while feature extraction efficiency is
increased using the technique. Additionally, the information from several senses is combined through a multimodal
attention process. An efficient allocation of information processing resources is made possible by a multimodal
attention mechanism, which accurately gathers crucial information. Based on the weighted distribution of attention to
specific local information within the input data, this method increases the attention scores to locally important
information while selectively ignoring lower-weighted local details. This approach enhances the model's robustness
and scalability, fostering adaptability to shifting input conditions. Despite depending on frame-based and keyframe
extraction, the architecture might not be able to handle longer temporal sequences since it does not explicitly describe
long-range temporal dependencies. Because of this, the suggested model might not be able to accurately record or learn
the links between frames that are separated in time, which could result in errors in tasks that call for comprehension of
the complete sequence. This is considered the major limitation of the proposed model, which can be overcome in the
future by integrating the temporal sequence analysis model.

5. Conclusion and Future Study

In this study, the audio features are extracted using Constant-Q chromagram as well as Mel-Frequency Cepstral
Coefficients (MM-FC?) model, and for performing audio generation, Convolutional based Dense Capsule Network
(Conv_DCN) is used. Next is video data; here, the keyframes were extracted using the Enhanced spatial-temporal and
Second-Order Gaussian kernels method. To perform video generation, DenseNet-169 is used. Finally, all the extracted
features are concatenated using weighted late fusion. To detect the emotions, a Deep Attention Neural Network
(WLF_DALttNN) is used. The performance metrics of the RAVDESS dataset accuracy is 97%, and the accuracy range
of the CREMA-D dataset is 96%. Further, the complexities in the dataset further reduce the efficiency of the proposed
model. This will also be overcome in the future by introducing an efficient pre-processing model. This model restricted
evaluation over demonstrating robustness across diverse real-world conditions, including spontaneous emotions, varied
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cultural expressions, and different languages beyond English. Therefore, in future work, cross-domain research can be
carried out by integrating the MED4 database with other databases utilizing adaptive techniques in order to construct
algorithms that are resilient to varied environmental settings.
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