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Emotions play a crucial part in communication because they enable information about an
individual's emotional state to be expressed and inferred. This study develops a novel method for
psychological treatment by creating a Modified Tunicate Swarm Fused Spatial Deep Convolutional
Neural Network (MTSF-SDCNN) for emotion assessment. The study focuses on the creation and
deployment of this specific neural network architecture to assess and understand emotional states,
using a curated Emotion Evaluation Dataset as a framework. The dataset is pre-processed using
Min-Max Normalization to assure reliability and maximize the neural network's learning process.
Following that, Term Frequency Inverse Document Frequency (TF-IDF) is used in feature
extraction to identify significant trends in emotional data. The MTSF-SDCNN emotion assessment
system is designed to handle multimodal data like emotions, voice patterns, and physiological
markers, providing a sophisticated and context-aware understanding of emotional states compared
to typical emotion detection techniques. Several tests are being undertaken to confirm the suggested
algorithm's outcomes, comparing findings with standard models such as Random Forest (RF),
Decision Tree (DT), and Logistic Regression (LR). The evaluation criteria include Accuracy
(82%), Precision (87%), Recall (93%), and F1-score (91%), which provide an extensive evaluation
of the algorithm's capabilities across various dimensions. These findings have implications to
extend emotion analysis and provide realistic opportunities for using traditional technology in
psychological treatment approaches.
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1. Introduction

Emotions are adaptive reactions to external events that include changes in personal perceptions
as well as intellectual, inspiring, physiological, and behavioral fields. These reactions have a
significant interaction with choices, perceptions, and education, and they play an important
role in health and survival by providing the assets needed to cope with everyday possibilities
and hazards. Every feeling has a purpose and gives humans the capacity to react to difficult
circumstances [1]. Psychological Treatment can be described as the deliberate and
knowledgeable utilization of clinical techniques and interpersonal perspectives that are based
on developed psychological concepts. Its primary objective is to aid individuals in altering
their actions, thoughts, emotions, and/or additional personality traits considered favorable by
the individuals involved [2]. The rising absence of predictive or therapeutic determinations
for mental issues, such as sadness and mood disorders, has resulted in amplified social
challenges. Human-machine interaction and psychiatric therapy can benefit from recognizing
emotions. Most emotional recognition systems employ cognitive or physiological indications.
Emotional analysis based on behavior performance is straightforward and some individuals
hide their emotions. It can decrease accuracy and dependability [3]. Psychological treatments
assist the individual in acquiring awareness of their manifestation and its correlation with
engaging in illegal activities and other adverse consequences in life [4]. Psychological
symptoms associated with stress are identified as irritability, tension, disruption, and
restlessness. Concurrently, stress triggers physiological responses incorporating the glands of
the adrenals and the sympathetic nerve system, and testosterone discharge mood disorders are
classified as psychological diseases are characterized by a range of indications, including
excessive anxiety, rejection of relationships, fear attacks, fearfulness, emotional discomfort,
and insomnia [5]. The discipline of emotion disorder is widely recognized as one of the
impacted fields in the domain of psychological wellness. This is due to the fact that mental
illnesses present escalating challenges in regulating intense emotions, which can ultimately
end in the manifestation of aggressive or dangerous actions in severe situations [6].

The majority of experiments inspect the recognition of fundamental emotions such as anger,
fear, joy, sadness, and contempt. Identification ability is demonstrated to vary with emotions:
Happiness, the greatest of the fundamental emotions and the most unique is being shown as
the simplest to recognize. Fear, on one side, appears to be recognized less properly compared
with various fundamental emotions. Furthermore, there are frequent instances of systemic
errors in emotion detection, with fear and surprise, including anger and distaste, regularly
being mixe. Emotion evolution is a prominent area of study in both academia and industrial
sectors. It has applications in several domains, including distance education, medical services,
and human-computer interaction. In the context of medical treatment, it is crucial to
acknowledge the psychological health of patients, in particular those who have expressive
ilinesses. By discerning the emotional state of patients, healthcare providers can provide
tailored nursing interventions that align with their specific emotional needs. This approach
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has the potential to enhance the overall quality of nursing care provided to patients [7]. The
process of emotion evaluation allows machines to recognize and interpret human emotions,
hence enabling them to exhibit empathetic capabilities. The several influential labs have
created dedicated research groups focused on the study and advancement of emotional circuits.
These academic teams have garnered funding and assistance from prominent corporations
operating in this domain [8]. Emotions are initially felt at a physiological level, and it is the
mind's perception of physiological alterations that individuals become conscious of their
emotions. Consumers can potentially lack conscious awareness of physiological changes.
Recent advancements in technology and neuro scientific research have made it possible to get
insights into consumer sentiments via the examination of physiological responses [9].
Emotional therapy is a popular service that must serve an increasing number of patients. A
scientific investigation suggests psychological therapy as the preferred treatment. It is
challenging to use treatments based on evidence in clinical settings despite their value [10].

2. Related works

According to the author of, [11] examined the theoretical investigation and systematic growth
of the cognitive preventative therapy of emotional fatigue in higher education students. The
neuropsychological symptoms complex of emotional exhaustion illness at the emotional,
cognitive, and behavioral aspects for strict psychological defensive mechanisms and
psychosomatic diseases has been defined. Study [12] established psychotherapy syndrome-
specific strategies for unproven latent diseases, as characterized by mental nosological
theories. Although the strategy shared a common vocabulary for emotional issues, it failed to
attain its ultimate aim of theoretical and clinical usefulness. To addressed variations in
clinician effects across various healthcare sectors that provide psychological treatments. The
study used a dataset consisting of normal clinical information obtained from a total of 26,814
individuals [13]. Among these individuals, 69% were female, and the average age was 38
years. Additionally, the dataset included data from 466 therapists who worked across five
different care fields, namely primary care, secondary care, university, volunteer, and
workplace.

The discussed the psychological mechanisms as risk and resiliency factors, leading to essential
research on treatments to address discomfort, anxiety, or disablement in adulthood with
persistent pain [14]. Cognitive-behavioral therapy is effective, while other psychological
treatments like acceptance and commitment therapies, meditation, biofeedback, relaxation,
emotional awareness, and conveying treatment demonstrate different levels of performance in
various medical conditions. The Molecular Biology Techniques (MBT) [15] is more clinically
and cost-effective than standard care for kids in school who are having mental and social
problems. They hope that the approach can be used with the increasing number of kids who
come to mental health facilities with a variety of psychological and social issues. To determine
that computer scientists often characterize Virtual reality (VR) [16] as a collection of
sophisticated software and hardware solutions. Psychology and neuroscience are recognizing
VR as a highly sophisticated mode of human-computer communication that enables users to
engage, interact, and engage themselves in a machine-produced world. An increasing interest
in presenting dynamic signals in a way that enables scientists to analyze the integration
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activities performed by observers throughout time and address [17] the possibilities of realism
for psychological study to improve sustainability with retaining control over experiments. The
study's contribution encompasses the following aspects:

+¢+ The paper demonstrates an important quality by using Term Min-Max normalization as a
pre-processing technique.

% The study uses Term Frequency Inverse Document Frequency (TF-IDF) for feature
extraction, a significant addition.

+¢ The Modified Tunicate Swarm Fused Spatial Deep Convolutional Neural Network (MTSF-
SDCNN) emotion evaluation system handles emotions, expressions, and bodily indicators.

% The research improved feature extraction, multimodal emotional data management,
comprehensive assessment metrics, and psychological therapy technologies.

The objective of this study is to deliver the details in the following manner: Section 3 provides
an overview of the methodology used in this study. Section 4 of the study encompasses the
results and subsequent discussions, and section 5 encompasses the conclusion and potential
future works of the research.

3. Methodology

The term "Transforming Psychological Treatment using Emotion Evaluation" implies a
notable paradigm shift or advancement within the realm of psychological treatment,
specifically in relation to the assessment and analysis of emotions. This statement suggests
the creation of a new and inventive approach to measuring emotions, which holds the ability
to have a substantial influence on the methods psychological practitioners use to evaluate and
manage emotional well-being in humans. Figure 1 represents the process of the study.

Emotion
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Dataset @Q

Feature Extraction

Pre-Processing

-
Term Frequency-Inverse

I
Document Frequency I
(TF-IDF) }
Emotion e2® Performance
Evaluation Q Evaluation
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Fused Spatial Deep
Convolutional Neural
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Figure 1: Process of the study [Source: Author]
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3.1 Dataset

Study [18] included the participation of 25 individuals who volunteered for the research. It
helps distinguish 11 delicate emotions: angered (annoying, furious, tense), cool (calm, serene,
and relax), joyful (enthusiastic, glad, and delighted), and sad. The 16-channel Emotive
electroencephalogram (EEG) headgear recorded 123 emotions.  Auditory, visual, and
psychological stimuli produce emotions. The group consisted of 17 females and eight men,
with ages ranging from 12 to 70 years (mean age = 35.55, standard deviation = 16.97). These
participants were involved in the gathering of training data for the study. Before taking part,
each person signed a form saying that they understood. One of the people taking part has a
mild case of autism. They can use words and talk about basic feelings.

3.2 Pre-processing using Min-Max Normalization

Implementing various pre-processing procedures on the acquired inputs is a vital aspect of
data processing. These psychological indicators have an extensive spectrum since their levels
differ from person to person. Because of this, data normalization is essential. When
processing the data, the data signals are normalized using a Min-Max approach in Equation

).

’ c—min _c . .
c' = (m) * (new_max — new_min) + (new_min), @
The parameter ¢’ indicates the min-max normalization data in the current context, while c
reflects the entire spectrum of raw data. The terms max ¢ and min c denote the maximum and
minimum amounts of c. In this case the distinct min = 0 and distinct max = 1. Asaresult,
every parameter was adjusted with a value between 0 and 1. Acquired psychological data can
be susceptible to noise artifacts as a result of participant activity, blinking, and so on. So,
following normalization, the data was filtered to eliminate any probable artifacts. As a result,
the median smoothness filtering procedure was used for this stage.

3.3 Feature Extraction using Term Frequency Inverse Document Frequency (TF-IDF)

In an attempt to execute the research, a mechanism for extracting language and patterns of life
features is used. The use of TF-IDF, a linguistic feature, is employed to evaluate the
significance of n-grams (specifically unigrams, bigrams, and trigrams) to identify often used
and relevant terms by individuals. This technique applies to the n-grams collected from every
user's postings. Under the scoring system, the term frequency refers to the frequency of word
sequences (n-grams) that are included in a collection of texts. The records in question are the
sets of texts that have been submitted by each user. The calculation is performed in the
following manner in Equation (2):

(TFIDF) ug, w = freqws, w. log (%) 2
When TF-IDF ug, wdenotes a score indicating how significant a word series ug is a given
user w, and W is the total amount of individuals who use at the collection. The frequency of
word series utilized by user w is denoted by freqws,w. represents the total amount of
individuals who utilized a particular word seriesug, assuming that freqws,w = 0.
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3.4 Modified Tunicate Swarm Fused Spatial Deep Convolutional Neural Network (MTSF-
SDCNN)

The Term MTSF-SDCNN represents a combination of swarm intelligence, spatial data fusion,
and deep convolutional neural networks. The phrase "Modified Tunicate Swarm™ perhaps
refers to the use of optimization techniques that draw inspiration from collective behavior seen
in swarms. Conversely, the term "Fused Spatial™ implies the integration of spatial data inside
a cohesive framework.

3.4.1 Tunicate Swarm Algorithm (TSA)

TSA is a straightforward meta-heuristic optimization motivated by the success of coastal
tunicates' aircraft propeller systems while navigation and forage. The size of this creature on
the millimeter level at underwater environments, tunicates can find nourishment. However,
the search area provided does not provide any clues about the nourishment sources. Using
propeller jets, a tunicate must perform its three main requirements: (1) it must stop clashing
against other tunicates in the searching region; (2) it must reach to the ideal searching position;
and (3) it must get as near as feasible to the most suitable searching reagent. In TSA, the
potential answers (tunicates) seek the optimal nourishment supply (the optimal measurement
of the desired variable). As the procedure iterates, the tunicates shift into position relative to
the most successful saved and enhanced tunicates. Starting with the allowed ranges of the
intended elements, the TSA generates a group of tunicates at randomly in Equation (3).

Dy, = D" + rand x (D2 — Dmin) 3)

Here Bbis the coordinates for every tunicate, and rand is a random integer between 0 and 1,
inclusive. The minimum and maximum values for D in the design are denoted by 5{,““‘ and

D@ The following Equation (4) describes how the tunicates modify their location over
repetitions.

B (o _ DbW+Du@)

Dy +1) = 22> @

Where v, is a random value between 0 and 1, and ﬁb (y)represents the tunicate's present spot
relative to the location of the nourishment resource according to the following Equation (5):

SF+ E x |SF —rand X Bb|,ifrand =>0.5

- 5
SF — E x |SF — rand x Dy|,ifrand < 0.5 ©

Dp(y) = {
When SF is the nutrient supply, it is described as the ideal spot of the tunicates in the
community, while E is a random vector that prevents collisions between the tunicates.

3.4.2 Deep Convolution Neural Network (DCNN)

DCNN is a form of neural network technology that is specially built to process and analyze
visual input such as photos and videos. DCNNSs have excelled in applications of computer
vision, such as image identification, recognizing objects, and picture segmentation. They are
influenced by the structure and operation of the visual system in humans. Figure 2 shows the
DCNN Architecture. Because DCNN performs exceptionally well in feature extraction and
identification, it is frequently used as a model for the Deep Learning (DL) approach in image
Nanotechnology Perceptions Vol. 20 No. S2 (2024)
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recognition and expression applications. It has bearing on the industrial sector. When
compared to a neural network (NN), DCNN contains more layers. The structure of the neural
network may be altered and simplified using the shared weights of DCNN. Full Convolutional
Layer (FCL) and other components make up a convolution network. The features are extracted
sequentially using the Conv-pooling module.

Convolution Layer (CL): A CL, often referred to as a feature extraction layer, is a N layer that
is utilized for feature extraction and noise reduction. The processed feature map is produced
by CL by running the input data through a succession of convolution kernels (CK). Kernels in
the layer underneath each CK in a CL provide data to each CK in a local area. It is a specific
geographic region-associated local receptive field. By creating local receptive fields, CKs are
able to extract several attributes. Equation (6) describes the operation of a CL.

et = ¢ (Zqef "t +iy +vY) (6)

In this case, el represents the feature map that was acquired from the vth filter in the ith layer.
e‘(’l‘"1 the nth map of the w — 1 layer is explained by this expression. * stands for the process
of convolution and i was the CK of the WTH layer's vth filter. v¢expresses the bias ¢ (.).
The activation function, such as Rectified Linear Units (ReLU), is indicated by this value.

Pooling layer (PL): PL is often referred to as sample layers and feature mapping layers. Its
primary objective is to retrieve secondary characteristics. Through down sampling of the
convolution feature map, the pooling process aims to reduce the size of the network. One
common pooling method in Equation (7) is max pooling.

w o_ w—1 —
Tc - (g—B}(a<)§<OX{eC (g)} 0= 1'2' (7)
The variable e?~1(g) (s) represents the values of the gth neuron in the vth filter" of the w —
1" layer; X is the pooling window size; o is the number of steps moved; and T is the feature
map collected from the nth filter of the Ith layer.

Fully connected layer (FCL): For additional feature processing, the output of the prior PL is
imported into the FCL. Connecting the findings to the softmax classifier and extracting further
features is the main purpose of the FCL. The FCL is divided into many tiers. Equation (8)
describes how an FCL operates,

skWtl = S(LYsk™ + vi) (8)

In this case, v}, is a bias, 8(.) is the activation function, and sk"is the output of the ith layer.
Liis the connection weight matrix. A loss function is calculated using the cross-entropy
function. Equation (9), which provides a useful error metric function for pattern recognition,
describes the cross-entropy function.

0(L,v) = —-T¥-[F1y(@) + (1 — ) 1y(1 — a)] ©)

Since 1 is the "softmax classifier" for the classifier, and e is the total number of samples, J*
represents the actual value of the Xth sample.
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Figure 2: Architecture of DCNN [Source: Author]

4. Result and Discussions

Microsoft Windows 10 includes Python 1.5, Python 2, 2-aligned. Our approach utilized Linux
2.5 Equipment with XTX GPU and X CPU is able to manage Intelligence things. Table 1 and
Figure 3 provide estimates of recognition success for various emotion categories using several
methods, namely AlexNet [19], AlexNet with additional features (AlexNet+FC6+KNN) [19],
Linear Discriminant Analysis Classifier (LDA) [19], and the proposed MTSF-SDCNN
technique. MTSF-SDCNN consistently achieves the greatest recognition accuracy across all
emotions, including Angry, Disgust, Feel, Happy, Sad, and Surprise. Overall, MTSF-SDCNN
is a promising multimodal emotion detection system that better understands various emotional
states than previous methods. These results suggest that MTSF-SDCNN may advance
emotion analysis and be applicable to everyday circumstances like psychological treatment
and other settings that need accurate emotion evaluation.

Table 1: Emotion Evaluation performance using various methods

Recognition accuracy (%)
Methods Angry Disgust Feel Happy Sad Surprise
AlexNet [19] 88.9 375 33.3 85.9 87.5 87.5
AlexNet+FC6+KNN [19] 77.8 87.5 44.4 88.9 87.5 62.5
LDA [19] 66.7 62.5 55.6 88.9 62.5 25
MTSF-SDCNN [Proposed] 90.2 89.6 62.9 96.3 89.4 92.1
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Figure 3: Emotion Evaluation performance using various methods

This section presents a comprehensive account of the experimental procedures used in this
study. The evaluation of classification techniques involves the use of TSA and DCNN
characteristics. The proposed technique, MTSF-SDCNN, utilizes a comparison detector
consisting of a Random Forest [20], Decision Tree [20], and Logistic Regression [20]. In our
assessment, we assess many factors such as precision, accuracy, F1 score, and recall.

Testing and evaluation of data need accuracy and precision. Accuracy is an estimate to the
real or recognized value. Precision is measuring consistency and repeatability. It measures
numerous measurements of the identical amount agree. Other approaches such as RF, DT,
and LR are In comparison to our implied approach, MTSF-SDCNN had the greatest accuracy
and precision(82% and 87%) levels. Table 2 and Figure 4 provide the results pertaining to the
accuracy and precision levels of the outcome.

Table 2: Result of the Accuracy and Precision

Values (%)
Methods Accuracy (%) Precision (%)
RF [20] 74 74
DT [20] 74 74
LR [20] 76 79
MTSF-SDCNN [Proposed] 82 87
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Figure 4: Outcome of Accuracy and Precision

Classification models' recall and F1 score are crucial. Recall, awareness, or real-positive rate
measures a model's capacity to accurately. The F1 score balances accuracy and recall. As the
average of accuracy and memory, F1 score balances skill and recollection on opposing
extremes like a compass. Other techniques, such as RF, DT, and LR, are under consideration.
MTSF-SDCNN outperformed our recommended approach in terms of recall, and flscore had
the highest (93% and 91%) values. Table 3 and Figure 5 illustrate the findings of the recall

and flscore scores.

Table 3: Result of the Recall and Flscore

Values (%)

Methods Recall (%) F1-Score (%)

RF [20] 79 77

DT [20] 77 76

LR [20] 82 80
MTSF-SDCNN [Proposed] 93 91
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Figure 5: Outcomes of the Recall and F1score
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The study issues with common methods for finding emotions, especially those that use RF
[20], DT [20], and LR [20] models. Even though these models have been used a lot in many
different areas, not much research has been done; they work with mixed data like emotions
and bodily signs for a full measure of mood. The problem is that we need more complex and
situation-aware methods to understand mental states better because different methods are
complicated and depend on each other. Ending with emotions and bodily indications, the
MTSF-SDCNN emotion evaluation system enhances the holistic handling of data. The unique
emotion identification system is more advanced and context-aware than existing approaches.
Following rigorous examination and comparison with recognized techniques has the
significant scores (82%), Precision (87%), Recall (93%), and Fl1-score (91%). In
multidimensional emotional assessment, the MTSF-SDCNN technique outperforms
conventional techniques.

5. Conclusion

In conclusion, the MTSF-SDCNN emotion assessment system improves multimodal data
processing by including emotions, and biological indicators. This novel approach to emotion
recognition is more subtle and context-aware than traditional methods. AlexNet,
AlexNet+FC6+KNN, LDA, and MTSF-SDCNN and MTSF-SDCNN consistently recognizes
everyone's emotions best, including Angry, Disgust, Feel, Happy, Sad, and Surprise. MTSF-
SDCNN is a strong multilingual emotion recognition system that identifies more emotions
than prior approaches. These findings show that MTSF-SDCNN may improve emotion
analysis and be useful in psychiatric therapy and other contexts requiring precise emotion
evaluation. The research conducted revealed that the MTSF-SDCNN method, as proposed in
our research, demonstrates the greatest levels of Accuracy, Precision, Recall, and F1-score,
amounting to 82%, 87%, 93%, and 91% using thorough the evaluation and comparison with
proven methods like RF, DT, and LR. Multidimensional evaluation shows that the MTSF-
SDCNN method beats conventional approaches in emotional evaluation. Being able to
correctly and appropriately judge emotional states could make psychological therapies,
individual counseling, and other fields where knowing and reacting to feelings a lot better. As
technology remains to be an important part of our daily lives, the MTSF-SDCNN algorithm's
progress points to a future where advanced multimodal methods could completely change how
we think about and deal with psychological issues.
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