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1 Introduction

In recent years, emotion recognition as a new method for human-computer
interaction has attracted the attention of researchers. Automatic speech
emotion recognition has become one of the practical methods to increase
engagement in most industries. It is expected that emotion recognition based
on audio information can result in better accuracy. The purpose of this article
is to present an efficient method for recognizing emotional states from speech
signals, based on a new cognitive model. Due to the importance of the topic,
this article presents an efficient method for recognizing emotional states from
speech signals based on a mixed deep learning and cognitive model called
SOAR. To implement each part of this model, two main steps have been
introduced. The first step is reading the video and converting it to images and
preprocessing it. The next step is to use the combination of convolutional neural
network (CNN) and learning automata (LA) to classify and detect the rate of
facial emotional recognition. The reason for choosing CNN in our model is that
no dimension is removed from the speech signal and considering the temporal
information in dynamic speech leads to more efficient and better classification.
Also, the training of the CNN network in calculating the backpropagation error
is adjusted by LA so that the efficiency of the proposed model is increased
and the working memory part of the SOAR model can be implemented. In
the proposed model, audio databases available in the field of multimodal
emotion recognition eNTERFACE’ 05 and SAVEE have been used for various
experiments. The recognition accuracy of the presented model in the best case
from eNTERFACE’ 05 and SAVEE databases is equal to 85.3% and 84.5%,
respectively.

art performance is limited by the failure of emotional
datasets. The preface of Multi-Task Learning(MTL),

Although Speech Emotion Recognition (SER) is be-
coming an active exploration area, the state-of-the-
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which concertedly trains multiple relative tasks, can
use further emotion-related information within lim-
ited data, enhancing the SER performance but also
adding the training difficulty. The emotion recogni-
tion system from the speech from the point of view
of pattern recognition includes 3 corridors: point of
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birth, point selection, and bracket. Despite numerous
advances in this field, there’s a long gap between nat-
ural mortal-computer relations. The main reason for
this issue is the computer’s incapability to understand
the stoner’s passions. Thus, in the last many times,
emotion recognition from speech is one of the grueling
issues in the field of speech processing. Also, emotion
recognition from speech can be used to prize useful
meanings from speech. In addition, it can be used to
féte the stoner’s personality, which is used in numerous
associations, including political, military, etc. Emo-
tion recognition from speech has colorful operations
that have been addressed in different ways. Including
the development of automatic speech recognition sys-
tems, textbook-to-speech conversion, motorist inter-
nal state reports, and computer games [1, 2], as a tool
for opinion in medical lores [3, 4], for impaired people
or autistic children to communicate with others [5, 6],
and it’s also used as an operation in mobile phones [7].

The most important challenges of emotional recog-
nition from speech are substantially at the birth stage.
The main reason for the query about the effective
features in feting the emotion of speech is the voice va-
riety, which itself is caused by the actuality of colorful
words, different speakers, and speaking styles. These
factors also affect features uprooted from speech, sim-
ilar to pitch wind and energy. The frequency of the
main signals depends on the way the oral cords are
stimulated, the gender of the speaker, and the physio-
logical structure of the larynx.

In [3], we propose a primary-task driven adaptive
loss function named PTDA- Loss to adaptively accli-
mate the task weights in the loss function, aiming to
more nicely allocate the literacy coffers in the train-
ing process and further ameliorate the SER perfor-
mance. We observe that inordinate concern with the
supplementary task can lead to inadequate literacy
about coffers for SER, which is not conducive to SER
performance enhancement. Meanwhile, the literacy
coffers for the supplementary task will be metal but
not over-compressed, using the effective literacy of
useful information from the supplementary task. To
ameliorate the model’s literacy capability, likewise, we
first employ several dynamic convolutional layers as
the backbone network. Regarding gender recognition
and speaker recognition as the supplementary task in-
dependently, ablation trials on the IEMOCAP, MSP-
IMPROV, and immingle datasets prove the rationality
and effectiveness of PTDA- Loss. Also, relative trials
demonstrate that our system achieves state-of-the-art
performance on the three datasets, further enhancing
the SER delicacy.

In [9], To validate our suppositions, we carry out
an expansive experimental study fastening on the de-

9€sS

Speech Emotion Recognition based on Improved SOAR Model... — M. Shahrestani, S. Motamed, et al.

velopment of a model characterized by speaker/ gen-
der independence, robustness to noise, and robustness
against multiple voices. We probe a variety of audio
features, classifiers, datasets, and data addition styles
in the problem to define effective ways to address this
under-delved yet socially significant problem. Our tri-
als show that the proposed systems attain an F1 score
of over 90 in the disruptive class, indeed, when intro-
ducing noisy rudiments similar to environmental noise
or multiple lapping voices. Similar promising results
indicate that framing disruptive situation discovery
as a speech emotion recognition task could pave the
way to the relinquishment of new types of intelligent
systems with a positive impact on public safety.

In [10], a brain functionality-inspired model is pre-
sented for Face Image Compliancy verification (FICV)
using the Haxby model, which is a face visual percep-
tion consistent model containing three bilateral ar-
eas for three different functionalities. As a result, the
contribution of this work is presenting a new model,
based on human brain functionality, improving the
compliance verification of face images in the FICV
context. Perceptual understanding of an image is the
motivation of most of the quality assessment methods,
i.e., human quality perception is considered a gold
standard and a perfect reference for recognition and
quality assessment. The model presented in this work
aims to make the operational process of a face image
quality assessment system closer to the performance
of a human expert. Three basic modules have been
introduced. Face structural information, for initial
information encoding, is simulated by an extended
Viola-Jones model. Face image quality assessment is
presented by the International Civil Aviation Orga-
nization (ICAO), in the ICAO (ISO / IEC19794 -11)
requirements compliance assessment document. Like
the Haxby model, perception is performed through
two distinct functional and neurological pathways,
using Hierarchical Maximum pooling (HMAX) and
Convolutional Deep Belief Networks (CDBN). The
information storing and fetching for training are simi-
lar to their corresponding modules in the brain. For
simulating brain decision-making, the final results of
two separate paths are integrated by the weighting
sum operator. Nine ISO / ICAO requirements were
used for testing the model. The simulation results,
using AR and PUT databases, show improvements
in six requirements using the proposed method, in
comparison with the FICV benchmark.

The model presented in this composition has two
main features: a model for better representation of au-
dio features and learning the time sequence of signals
in trains, accompanying and introducing the Improved-
SOAR model for audio processes. The method of the
proposed model is that first, pre-processing is done on
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the dataset introduced in the textbook to convert the
collection into a delivery and usable data. Also, on
the regularized emotional speech signals, point birth
is performed with MFCC speech signals.

Choosing MFCC on speech signals results in the
necessary contraction and understanding of the speech
diapason of the speech source and helps in the neces-
sary identification and opinion. Next, to reduce the di-
mension and increase the effectiveness of the proposed
system, the selection of features is grounded on a Con-
volutional neural network (CNN). CNN networks have
been used to select the stylish features of speech be-
cause they’re veritably resistant to changing the scale
and size of lines and give a suitable response to the
affair, indeed, in noisy signals. Experimenters proved
that in the bracket of features, general features that
have analogous arousal lead to failure in recognition
[7]. For illustration, wrathfulness, fear, and pleasure
have a high thrill, and sadness has a low thrill. The
purpose of rooting pitch frequency details, including
minimum, outside, standard, mean, and standard divi-
sion, is to directly model the pitch wind, which seems
to be veritably effective in distinguishing high-arousal
feelings similar to wrathfulness from other low-arousal
feelings. For this reason, LA has been used in the pro-
posed system for accurate identification along with
CNN.

To implement the SOAR cognitive science model,
learning automata have been used. The learning au-
tomata (LA) has the capability of continuous learning
throughout its life cycle and can improve learning
with the considered reward mechanism and can learn
through closely related examples. The main reason
for using the LA in the proposed model is that this
algorithm can improve its behavior by using its previ-
ous experience. The first position and action in this
algorithm is random, and it will perform the next
movements based on the response of the environment
it receives.

The state changes in the symbolic long-term mem-
ory and short-term working memory sections based
on environmental changes. So, learning automata is
employed in the proposed method of its learning part
to improve the Soar model.

The main parts of this article are organized in such
a way that Section 2 is related to the review of works
done on the recognition of emotional states of voice.
The Section 3 presents the proposed ImprovedSOAR
method and, finally, the test results and conclusions
are presented in Sections 4 and 5 respectively.

2 Emotional States Recognition
2.1 Speech Emotion Recognition

The speech signal is the fastest and most natural way
to show mutual communication between people. This
fact has prompted researchers to use speech as a fast
method of communication between machines and hu-
mans [11, 12]. Today, a lot of research has been con-
ducted in the field of speech signal processing and
its classification to recognize emotional speech based
on machine learning models. For example, neural net-
work (NN) [13], support vector machine (SVM) [14],
k-nearest neighbor (KNN) [15, 16], hidden Markov
model (HMM) [7], Gaussian mixture model (GMM)
[17, 18], etc. For example, [19, 20] used the multi-layer
perceptron (MLP) neural network model and seven
types of emotions, and the highest recognition rate
obtained in their experiments was 53%. Also, [4, 5]
used classification models of SVM and NN on four
types of emotions: anger, natural, happiness, and fear.
The recognition rate in their experiments for SVM
and NN models was 71% and 42% respectively. In
the article [21], convolutional neural networks (CNN)
have been used to extract speech features. The first
layer of CNN is used for speech recognition and to
extract features of emotional signals.

In the research presented [22], DCNNs, which con-
sist of multilevel deep convolutional layers and pooling
layers, were used. Because DCNNs include more pa-
rameters for time-frequency extraction, they are more
accurate. Also, correlation information and learning
ability with their strong features have led to better
performance in shallow CNNs. In research [23], DCNN,
AlexNet, was used to recognize emotional speech. The
AlexNet model is trained using the large-scale Ima-
geNet database [24]. The results showed less training
time consumption with many different object classes.
The trained structure includes AlexNet, consisting of
an input layer, convolutional layers, pooling layers,
and fully connected layers (FCLs). In the article [25],
the convolution layer (Conv4) of the model was used
to obtain features at a lower level.

2.2 Learning Automata (LA)

The LA, as one of the techniques of artificial intelli-
gence, is a stochastic model that works in the frame-
work of reinforcement learning. Automatic learning
uses the selected action as input to its stochastic and
operational environment. Reaching the ideal solution,
the environment uses reinforcement feedback to re-
spond to the approach of the adopted action to the
ideal goal.

The action probability vector is updated using rein-
forcement feedback. Automatic learning tries to find
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Figure 1. A View of the Interaction of the Environment And
the Automatic Learning of Automata.

the optimal action from the set of actions to minimize
the average penalty for the environment. In systems
where complete information about the environment is
not available, automatic learning can be useful [26].

Learning automata are classified into two main
categories with a fixed and variable structure. Variable
structure learning automata are represented by the
triple {8, a, T}, where 8 is the set of inputs, « is
the set of actions, and T is the learning algorithm.
As an iterative relation, the learning algorithm is
used to modify the action probability vector. Figure
1 shows an interaction between the environment and
the considered automatic learning.

Let o;(n) € a and P(n) represent the action se-
lected by the learning automaton and the probability
vector defined on the action set at moment n, respec-
tively. Let a and b denote the reward and penalty pa-
rameters, and let the penalty determine the increase
and decrease of action probabilities, respectively.

Also, consider r as the number of actions that may
be performed by machine learning. At every n moment,
the action probability vector P(n) is updated by the
linear learning algorithm presented in eq. (1) if the
environment rewards the chosen action «;(n). If the
action taken is penalized, it will be updated according
to eq. (2).

Pi(n+1)=P(n)+a[l — Pi(n)] if j =1 W

Pi(n+1) = (1- a)P;(n) Vj#i
P,(n+1)=(1-b)Pi(n) ifj =14 @
Pi(n+1) = 2+ (1= B)Py(n) V) £ 1

Repetition (1) and (2) are called linear reward-

penalty (LR-P) algorithms if a = b, and the given
equations are called linear-epsilon reward-penalty (LR~
€P), where a > b. Finally, they are called linear reward-
inaction (LR-I) where b = 0.

If the learning automaton chooses an action like «;
in the nth repetition and receives a favorable response
from the environment, p;(n) (probability of action «;)
increases and the probability of other actions decreases.
On the contrary, if the response received from the
environment is unfavorable, the probability of action
«; decreases and the probability of other automata
actions increases. In any case, changes are made in
such a way that the sum of p;(n) always remains
constant and equal to one.

3 The Proposed Model

In this section, the proposed model is explained by
providing details of the substructure of each compo-
nent of it.

3.1 Improved SOAR Model

In Soar, all goal-oriented symbolic tasks are formulated
in problem spaces. A problem space consists of a
set of states and a set of operators. States represent
states and operators represent actions that, when
applied to states, yield other states. Each functional
context includes a goal, plus roles for a problem state,
a mode, and an operator. Problem-solving is driven by
decisions that lead to the selection of problem spaces,
states, and operators for the respective context roles.
Given a goal, a problem space must be selected in
which to pursue the goal. An initial state should then
be chosen to represent the initial state. An operator
must then be selected to apply to the initial state.
Then another state must be selected (most likely the
result of applying the operator to the previous state).
This process continues until a sequence of operators
is discovered that transforms the initial state into a
state in which the goal is achieved. One of the subtle
consequences of using problem spaces is that each one
implicitly defines a set of constraints on how to do
the work. For example, if eight puzzles are attempted
in a problem space that contains only one-slide tile
operator, all solution paths will obey the constraint
that tiles are never removed from the board. Therefore,
such conditions do not require explicit testing in the
desired states [27, 28].

The input of the proposed model includes the emo-
tional speech signals read from the input. Noise re-
moval and resizing are performed on speech signals
so that the pre-processed inputs enter the proposed
model. In the memory section, a procedure from the
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SOAR model will be applied to all normalized signals
which MFCC to extract the best features.

All the outputs obtained from the previous step
are entered into the symbolic memory where the best
features will be selected. For this purpose, CNN-LA
applied the features obtained from speech signals. The
training of these networks, including CNN, in calculat-
ing the backward propagation error, is adjusted by LA
so that the working memory part can be implemented.
In the general description of LA, according to the er-
ror rate of CNN, it improves the updating parameters
of the neural network weights in the backpropagation
algorithm (Figure. 2).

Figure 2 shows the Improved SOAR model. As ex-
plained, the proposed model includes two inputs, and
each network, with W parameters, produces class
membership probabilities P(C' | z, W) (C classes ac-
cording to observation z of emotional state). All net-
work layers, except the Softmax layers, had linear unit
activation (ReLU) functions (eq. 3):

f(2) = max(0, 2) 3)

We calculated the output of the Softmax layers as
follows (eq. 4):

P(C |z, W) = ;fggq) (4)

Where z, was the output of neuron ¢. The outputs
of the network were P(C' | z, W'). The training process
of convolutional deep learning consists of optimizing
network parameters W to minimize a cost function
for a dataset D. We chose the negative log probability
as the cost function (eq. 5):

|D

—ﬁ S log(P(CY | 290, W))  (5)
1=0

L(W,D) =

However, the problem in learning neural networks

is that this optimization problem is no longer convex.

For this reason, one of the common methods of solv-

ing the optimization problem in neural networks is
backtracking.

To improve the CNN, the probability theory of
the LA in backpropagation error is used to train the
Improved SOAR model to reduce the complexity of
calculations and increase the speed compared to the
traditional gradient descent method.

The output of LA, o, is the possible actions that are
used as the momentum factor to update the weights
of the neural network. In this way, after several itera-

tions, a strong connection between the best input and
output features is created. This action adjusts the pa-
rameters adaptively in the gradient descent method of
calculating the backpropagation error. In the follow-
ing, the details of the implementation of the proposed
model are described.

3.2 Preprocessing

To recognize emotion from speech signals in the video
file, database preparation, and pre-processing oper-
ations are performed in the first stage. These steps
are as follows: in the database preparation phase, the
database set is divided into two training and testing
sections. So, 70% of the database set is considered
for training and 30% for testing. In the next step,
speech signals are extracted from each video sample
and stored in the folders related to speech frames, re-
spectively. To extract the image frames and speech
signal from the video, the separation algorithm with
a certain frame rate was applied to all the samples. In
these tests, on average, the length of eNTERFACE’
05 database videos is 3 to 4 seconds. Its speech sig-
nal is recorded at a sampling rate of 48000 Hz with a
resolution of 16 bits and one channel [29].

4 Results and Experiments

All the tests of this article are implemented by Python
software and the accuracy test is done by the K-Fold
method with K=10. The measurement criterion of
each part is recognition confusion matrices [30]. In the
speech section, 10 sequences of 2 milliseconds were
separated from the clip, and each of them was con-
verted into a 100x96 image using the Mel Spectrogram
function and fed to the CNN-LA neural network.

In the generated convolutional neural network CNN-
LA, the size of each batch is 32, and the number of
repetition steps is 500. The learning rate is 0.001 and
the momentum rate is 0.0001. In this method, the
early stopping technique is used during training.

4.1 Speech Emotion States Recognition

Table 1 shows the confusion matrix of the recognition
rate of voice emotional states using ImprovedSOAR
on the eNTERFACE’ 05 database.

As can be seen in Table 1, the recognition rate of
voice emotions using the ImprovedSOAR model is
completely different. Examining the results revealed
that the emotion ”Disgust” has the highest recognition
rate and the emotion ”fear” has the lowest recognition
rate with values of 89% and 80%, respectively.

The reason for such results can also be that the
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Figure 2. Overview of the Improved SOAR Model.

Table 1. Confusion Matrix of Recognition of Auditory Emo-
tional States Using Improved SOAR.

’ ‘Anger‘Disgust‘Fear‘Happiness‘ Sadness‘Surprise‘

Anger 85% | 2% |3% 2% 3% 5%
Disgust 3% | 89% |3% 1% 2% 2%
Fear 2% 3% |80% 6% 7% 2%
Happiness| 3% | 2% |3%| 88% 2% | 2%
Sadness 2% 4% | 2% 2% 87% 3%
Surprise 2% 1% | 3% 5% 3% 83%

above recognizable cases are mostly an obvious emo-
tion and these cases are visible in speech. Like Disgust,
which has a high percentage of detection rate. But an
emotion like fear, which has the lowest value, is not
visible in speech, and many people can hide this type
of emotion behind their voices.

In the evaluation of the proposed method, in addi-
tion to the eNTERFACE’ 05 database, the SAVEE
database has been used. The SAVEE database re-
cruited four male native English speakers (identified
as DC, JE, JK, and KL), postgraduate students, and
researchers at the University of Surrey aged 27-31
years [29)].

Table 2 shows the confusion matrix based on Im-
provedSOAR to recognize audio-emotional states in
six basic emotion classes on the SAVEE database.

As can be seen in Table 2, the emotional state of
”surprise” has the highest, and the emotional state
of ”Sadness” has the lowest detection accuracy using
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Table 2. Confusion matrix of the recognition of auditory
emotional states using the proposed model on the SAVEE

database.
’ ‘Anger‘ Disgust ‘ Fear‘ Happiness‘ Sadness‘ Surprise‘
Anger 8% | 0% |4% 4% 4% 0%
Disgust 0% | 89% | 0% 5% 6% 0%
Fear 2% 6% [82% 6% 2% 2%
Happiness| 4% 5% | 5% 81% 5% 0%
Sadness | 10% | 8% |4% 4% 74% 0%
Surprise | 0% 7% | 0% 0% 0% 93%

the proposed model. Figure 3 shows the results of the
eNTERFACE’ 05 and SAVEE databases together.

As shown in Figure 4, in the eNTERFACE’ 05
database, the emotional state of disgust with a de-
tection rate of 89%, and in the SAVEE database the
emotional state of surprise with a detection rate of
93% have the highest recognition rates. Also, in the
eNTERFACE’ 05 database, the emotional state of
fear with a detection rate of 80%, and in the SAVEE
database, the emotional state of discomfort with a
detection rate of 74% shows the lowest recognition
rate. Another experiment that has been done in this
article is applying different fusion methods to fuse the
selected features at the decision-making level.

As the details of the proposed method are shown
in Figure 2, the proposed method uses decision-level
fusion to maintain the independence of each of the
methods and uses the advantages of each at the final
decision level. This causes the separate benefit of each
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Figure 3. Comparison of recognition of auditory emotional states using the proposed model on eNTERFACE’ 05 and SAVEE

databases.

classification and the final improvement to produce
better answers.

For integration at the decision level, various meth-
ods of combination rules have been tested, including
minimum, maximum, average, product, and combina-
tion. Each of the aforementioned combination rules is
tested for integration at the decision level in the pro-
posed model, and the performance results of each are
shown in Table 2. According to Table 2, the ”product”
combination rule has the highest recognition accu-
racy due to how the product of the output points of
different funds obtains the maximum class score.

As shown in Figure 4, the fusion method at the
level of decision-making shows a minimum accuracy of
71.83%, with a maximum of 85% in total combinations,
and an average value of 78.4%. Among the presented
methods, the best fusion detection rate at the decision-
making level is related to the product method with a
rate of 85.3%, which we will choose for the proposed
method.

The next stage of the experiments is to apply the
proposed model, without considering the phase of
extracting the features of the evidence. Table 3 shows
the confusion matrix of recognition of emotional states
without PCA and MFCC feature extraction.

According to Table 3, the highest recognition rate
belongs to the emotional state of Disgust (85.1%),
whereas the emotional state of Fear had the lowest
recognition rate (70.7%). In comparison to Table 3,
the recognition rate obtained is much lower without
feature extraction.

4.2 Emotion States Recognition

To check the performance of the proposed model, all
tests on the single modalities of facial emotional states
and speech emotional states are conducted separately

Table 3. Confusion matrix for the recognition of audio emo-
tional states using the proposed model without considering
the feature extraction stage on the eNTERFACE’ 05 database.

’ ‘Anger‘Disgust‘ Fear ‘Happiness‘Sadness‘Surprise‘

Anger 82% | 7.1% [23% | 2.3% 3% 3.3%
Disgust |2.3% | 85.1% | 2.3% | 2.3% 4.7% | 3.3%
Fear 7.3% | 6% |70.7% 6% 6% 1%
Happiness| 7.1% | 3.3% |4.7% | 75.6% 3.6% | 5.7%
Sadness 2% 1% | 7.5% 2% 78% 9.5%
Surprise |2.3% | 3.8% |4.7% 7.1% 7.1% 75%

and the results are discussed.

4.3 Speech Emotional States Recognition

To recognize the emotional states of speech, first in
the pre-processing stage, the speech signal is extracted
from the video, and noise removal is done on it. The
output of this step is entered into the next step and
will be applied in the feature extraction step from
MFCC. CNN-LA is then applied to calculate the recog-
nition rate of speech-based emotional states. Table 4
shows the confusion matrix of the presented model to
recognize the emotional states of speech in six basic
emotion classes from the eNTERFACE’ 05 database.

As can be seen in Table 4, the emotional states of
7anger” and ”fear” show the highest and lowest recog-
nition rates, respectively, for recognizing emotional
speech. According to studies, factors affecting vocal
expressions, such as anger, tend to have a higher recog-
nition rate, while internal emotional states, such as
fear, have a significantly lower recognition rate.

The general knowledge added to BERT, SentiGAN,
and CGAN increases diversity. But, as mentioned in
previous sections, the general dataset significantly
reduces the quality of the generated sentences and
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Figure 4. Comparison of the accuracy of bimodal emotion recognition based on integration at the decision level between different

methods of combined rules.

Table 4. Confusion matrix of recognition of speech emotional
states using the proposed model.

‘ ‘ Anger ‘ Disgust ‘ Fear ‘ Happiness‘ Sadness ‘ Surprise ‘

Anger 83% | 6% |0% 3% 3% 5%
Disgust 10% | 65% |8% 5% 6% 6%
Fear 3% 1% |64% 12% 12% 5%
Happiness| 10% | 2% | 3% 74% 3% 8%

Sadness 2% 1% | 8% 0% 76% 10%
Surprise | 4% 8% | 3% 11% 5% 69%

their relation to the desired aspects.

5 Conclusions

With the increasing interaction between machines and
humans and the need to understand human emotions
to advance the goals of industries, the discovery of
human emotional states plays a fundamental role. Ac-
cording to studies, the recognition of human emotions
is not reliable without voice processing. As a result,
several methods should complement each other to
increase the detection performance. In this paper, a
proposed method using two-channel verbal signals is
used. CNN-LA has been used in SOAR to increase the
recognition rate. The biological structure of SOAR
combined with the improvement of CNN-LA learning
automata provided more learning power for under-
standing complex knowledge such as facial expressions.
The proposed method in this paper classified each
of the verbal channels using Improved SOAR classifi-
cation. In the last stage, this classification produced
an output using the fusion of information of the deci-
sion level and presented the amount of recognition of
the expression of auditory emotional states calculated.
The highest and lowest rates of recognition, based

on voice, respectively belonged to the expression of
hatred with 89% and fear with 80%. The proposed
model has recorded an average improvement of 4.2%
compared to the closest model.
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