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Abstract—Emotion represents a significant reflection or indicator of human mental states, biological effects, and 

physiological states, and it also plays a vital role in human interpersonal communication and decision-making. 

People convey their emotions naturally via everyday interactive communication due to the increasing advancement of 

social media platforms. Nowadays, detecting emotions from extensive textual data helps to provide expressive 

information for understanding the behavior of humans. Meanwhile, most prior techniques used for emotion detection 

are insufficient in providing promising results from long-term contextual information. Thus, it motivates introducing a 

hybrid deep learning model, Vision sequence-based Convolutional Neural Network (Vi-CNN), from text data to detect 

emotion. The Bidirectional Encoder Representation from Transformer (BERT) transforms the input texts into tokens. 

Then, extracting the most suitable and appropriate features from the text tokens is executed. Following this, the Vi-

CNN model significantly detects emotions from the extracted features and classifies the recognized emotions. 

Furthermore, the results obtained by Vi-CNN are compared with those of other prevailing schemes. The experimental 

results highlight that the Vi-CNN attained promising results with a maximum recall of 94.765%, a precision of 

92.988%, and an F-measure of 93.867%. 

Keywords—Deep learning; emotion recognition; Vision transformer; Convolutional Neural Network; text data. 

I. INTRODUCTION  

Emotions are a significant aspect of human life and play a 
major role in how individuals understand and perceive their 
surroundings [1]. Emotion is a dynamic physiological and 
cognitive state that arises in response to stimuli, such as 
interactions, thoughts, or experiences with others. It 
encompasses communication, physiological responses, 
behavioral influences, cognitive processes, and subjective 
experiences [2]. Emotions are triggered by changes occurring 
in various biological systems within the human body. 
Automatic emotion recognition has enabled numerous 
applications, including marketing analysis based on emotional 
responses, post-traumatic rehabilitation, and psychological 
treatment [3]. Emotions like happiness, anger, fear, and sadness 
are frequently experienced daily [4]. In recent years, feelings, 
opinions, and emotions have been shared by users on social 
media platforms like YouTube, Twitter, and Facebook due to 
the rapid growth of multimodal social media applications [5]. 
Moreover, security, politics, healthcare, psychology, and 
business organizations have gathered people's emotions 
through social interactions [4]. Recognizing emotions is 
essential due to various feelings, including stress. Health 

psychologists study emotion extraction to assist patients by 
establishing connections between emotions, anxiety, and health 
[6][7].  

Speakers' feelings are recorded in various media formats 
through social media, including videos, audio, and text, to 
recognize emotions accurately [8]. These formats effectively 
reflect a person's emotional state. Text is often considered the 
most effective medium for conveying emotions [9][10]. 
Typically, individuals share their feelings through blogs, 
comments, status updates, and posts on social media platforms. 
To identify the user's genuine emotion, the sentiment conveyed 
in their posts is analyzed thoroughly [7]. Emotion recognition 
from text-based conversations has garnered increased attention 
due to its potential applications in opinion mining and 
sentiment analysis of publicly available conversational data 
[11]. In recent years, a wealth of textual data has emerged 
online, making it enjoyable to extract emotions from this data 
for various purposes, including business [12]. Recognizing 
emotions in text involves assessing the feelings expressed to 
comprehensively understand their intention, expression, and 
sentiment. The primary mechanism for detecting emotional 
content in text data relies on Natural Language Processing 
(NLP). NLP is a developing field that has gained traction with 
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the increasing volume of online comments [13]. The 
recognition of emotions in text plays a crucial role in human-
computer interaction tasks. Several steps, such as 
preprocessing, feature extraction, ranking, classification, and 
validation, are employed in NLP to detect emotions more 
effectively [14]. However, emotion detection faces challenges 
when multiple emotions are present within a single comment 
[7].  

Emotion recognition has gained significant attention among 
researchers over the past decades in textual conversations to 
identify individual opinions, emotions, and sentiments by 
considering specific issues and policies. The user experience, 
communication, and personalization are enhanced by 
accurately detecting and understanding emotional content in 
text. The baseline approaches used for emotion detection were 
crucial in identifying emotions from imbalanced databases, 
which also achieved notable performance in capturing complex 
emotions from textual dialogues. However, these approaches 
faced various challenges that affected the accuracy and 
effectiveness of detected emotions. Consequently, this 
motivates the development of a hybrid deep-learning scheme 
for emotion detection. Researchers propose hybrid models, 
including learning-based, lexical affinity, and keyword-based 
techniques to identify textual emotions [15]. Moreover, 
researchers have combined recognition techniques to design 
hybrid models that have achieved highly accurate results in 
recent years [16]. Additionally, these approaches encountered 
various complexities in recognizing textual emotions and 
addressed numerous issues [17]. Some significant challenges in 
recognizing emotions from abbreviated and short texts include 
error analysis, which is also insufficient for effective feature 
extraction of special symbols and emojis from text [7]. Recent 
advancements in Artificial Intelligence (AI) techniques have 
utilized machine learning and deep learning methods to classify 
emotions in various formats [16]. Different emotion 
classification techniques employ machine learning to analyze 
underlying patterns in unlabeled training data. Deep learning 
methods have achieved superior accuracy compared to other 
machine learning techniques while recognizing texts from large 
datasets [16]. The recent growth of deep learning models has 
supported many valuable applications across various domains 
and yielded promising results for decision-making, voice 
recognition, object detection, and pattern classification [18]. 
Deep learning techniques, such as Long Short-Term Memory 
(LSTM), Recurrent Neural Networks (RNN), Convolutional 
Neural Networks (CNN), Deep Boltzmann Machine (DBM), 
and Deep Belief Networks (DBN), are commonly used for 
emotion recognition and have demonstrated superior 
performance in providing solutions to various NLP tasks, such 
as text classification, machine translation, and language 
modeling [4][19].  

This paper proposes Vi-CNN for detecting emotions from 
input text data. The acquired text data is initially sent to BERT 
tokenization to transform into tokens. Later, various features 
are extracted from these text tokens using different text feature 
extractors. Following this, emotion detection is performed 
using Vi-CNN on the extracted features, and the recognized 
emotion is finally classified into various categories. 

The contribution of this research is summarized as, 

 Introduced Vi-CNN for emotion detection. It is 
developed by incorporating deep learning techniques 
like Vision Transformer (ViT) and sequence-based 
Convolutional Neural Networks (CNN) to 
automatically detect emotion from text data.  

The remaining portion of the manuscript is organized as 
follows: Section II presents the relevant work on baseline 
approaches, and Section III explains the proposed Vi-CNN 
approach developed for emotion detection. Additionally, 
Section IV illustrates the outcomes and discussions that 
ensued, while Section V summarizes the manuscript's 
conclusion and discusses future research. 

II. RELATED WORK 

Tu, G., et al. [20] designed a Context- and Sentiment-
Aware Graph Attention (CSAGAT) technique to recognize 
emotion from textual conversation. This research used a 
dialogue transformer based on hierarchical multi-head attention 
to determine the inter- and intra-dependency relationships from 
contextual utterances. The sentiment- and context-aware graph 
attention mechanism was also used to represent commonsense 
knowledge dynamically. This approach effectively enhanced 
the sentimental intensity and modeled the information for 
emotion recognition. However, this approach failed to capture 
relationship dependency among the speakers, so a graph 
convolutional network (GCN) was utilized to increase the 
performance further. Mohammad, F., et al. [11] introduced a 
Text Augmentation-based computational model (TA-MERT) 
to recognize emotions via transformers. Here, the transformer 
encoder captured the backward and forward contextual 
information, specifically the transformer-based BERT model. 
This approach significantly handled the relationships and 
patterns in the data, but it failed to prevent data overfitting 
issues and enhance the accuracy of the validation. Asghar, 
M.Z., et al. [21] developed a Bidirectional Long-Term Short-
Term Memory (BiLSTM) model to recognize emotions like 
guilt, shame, fear, sadness, and joy. This model utilized 
backward and forward LSTM to learn contextual information 
from backward and forward directions. This model 
significantly reduced the misclassification rate by capturing the 
semantics of words. Meanwhile, this approach failed to 
increase the performance by considering different emotion 
intensities, like weak positive, strong positive, weak negative, 
and strong negative. Han, T., et al. [13] established the XLNet 
Bidirectional Gated Recurrent Unit and Attention (XLNet-
BiGRU-Att) model for improving the performance of text 
emotion recognition. Here, the contextual information was 
learned for building bidirectional language models using 
XLNet, and more compelling features were extracted using a 
Bidirectional Gated Recurrent Unit (BiGRU). This model 
significantly reduced the complexities and processed long 
sequence data for emotion recognition, but this approach did 
not successfully prevent memory overflow issues during 
emotion detection.  

Wen, J., et al. [8] introduced the Dynamic Interactive 
Multiview Memory Network (DIMMN) to recognize emotions 
by incorporating interaction information. In this approach, the 
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emotional impacts of the speakers were collected using a Gated 
Recurrent Unit (GRU) and Temporal Convolutional Network 
(TCN) to select various global information based on queries. 
This method increased the robustness and accuracy during 
emotion detection by solving information fusion issues. 
Meanwhile, this model failed to utilize more modalities to 
perform interactive Multiview learning to improve emotion 
recognition further. Shelke, N., et al. [7] designed a Leaky Relu 
Activated Deep Neural Network (LRA-DNN) to analyze 
emotion effectively. This model significantly reduced the 
misclassification and misprediction errors while detecting 
emotions. However, this model failed to consider advanced 
deep learning algorithms for increasing the recognition 
performance. Bharti, S.K., et al. [16] devised CNN+Bi-
GRU+SVM for text-based emotion recognition. This method 
effectively detected emotions from multi-text sentences, 
tweets, dialogs, keywords, and lexicon words, but this 
approach was unsuitable for real-world applications to 
recognize texts. Ghafoor, Y. et al. [22] introduced Textual 
Emotion Recognition in Multidimensional Space (TERMS) for 
handling emotional boundaries. Textual Emotion Recognition 
in Multidimensional Space (TERMS) was used in this model to 
handle texts' semantic meaning and syntactic structures for 
exposing linguistic and contextual information. This method 
was more adaptable and achieved high precision values during 
the detection of emotions, but this technique failed to increase 
recognition performance by utilizing deep learning models. 

The drawbacks faced by prevailing techniques during the 
detection of emotion from texts are listed as follows, 

 The CSAGAT model in [20] effectively incorporated 
sentiment and contextual awareness information to 
recognize emotion in dialogues, increasing the 
model's responsiveness to context and sentiment. 
Meanwhile, this approach failed to consider 
multimodal features for emotion recognition that 
involve integrating data from different modalities and 
sources to increase recognition accuracy. 

 The TA-MERT technique used in [11] significantly 
recognized human emotions during textual 
conversation, but this model failed to increase 
emotion recognition reliability significantly. 

 The BiLSTM approach utilized in [21] enhanced the 
understanding of context by capturing information 
from past and future sequences. However, it failed to 
consider the NLP features that increase the robustness 
and accuracy of emotion recognition systems. 

 The DIMMN model used in [8] effectively leveraged 
the multiple conversation modalities to increase the 

emotion recognition performance. Meanwhile, this 
technique failed to increase emotion recognition 
accuracy by enhancing the richness of input data. 

 The existing techniques used for emotion recognition 
did not successfully capture the personal differences 
among emotions to completely cover the possible 
emotional contents embedded in a text. These 
techniques also encountered difficulties aligning 
features from various modalities for accurate emotion 
recognition. 

III. METHODOLOGY 

This paper proposes Vi-CNN for detecting emotions from 
text data. At first, the text data is acquired from the emotion 
detection text dataset [23], and the acquired data is tokenized 
using the BERT tokenization technique [24]. Later, different 
features, namely Term Frequency-Inverse Document 
Frequency (TF-IDF) features [25], length of the text, 
punctuation marks, hashtags, capitalized words, a bag of 
words, SentiWordNet features [26], and similarity score [27], 
are extracted from the resultant tokenized texts. Following this, 
the detection of emotion is performed using Vi-CNN from the 
extracted features, and the detected emotion is classified as 
surprise, sadness, relief, anger, neutral, love, boredom, 
enthusiasm, fun, happiness, hate, and worry. Here, the Vi-CNN 
is developed by integrating a sequence-based CNN [28] and 
ViT [29]. Fig.1 shows the schematic view of the Vi-CNN for 
emotion detection.  

A. Input text data acquisition 

The input text for the emotion detection task is collected 
from annotated tweets with various emotions, and the database 
comprises 13 types of emotions, with 40000 records under 
three columns, like content, sentiment, and Tweet_ID. The 
“sentiment” consists of various emotions behind the text, 
whereas the “content” consists of raw tweets. The dataset is 
given as in (1),  

𝑇 = [𝑇1, 𝑇2, 𝑇3, . . , 𝑇𝐷 , . . . , 𝑇𝑊] 

Where, 𝑇 is the text dataset considered for emotion 
detection, 𝑊 signifies the number of texts available in the 

Emotion detection from text dataset, and 𝑇𝐷 represents the 𝐷𝑡ℎ 
text accumulated for the detection task. 

B. BERT tokenization 

 

Once the input text is selected for the emotion detection  
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task, the selected text is converted into a suitable form, like 

tokens that machines can easily understand and process. Here, 
the selected input text 𝑇𝐷 is subjected to BERT tokenization 
[24] for converting input text into tokens through bidirectional 
self-attention. The BERT tokenization method quickly 
transforms extensive sentences into tokens, which is also more 
effective in handling short input sequences. In BERT, the 
transformer encoder captures text contextual information 
through a self-attention mechanism. Then, it generates a 
contextual embedding vector sequentially. Moreover, the 
BERT performs various downstream tasks to represent single 
and paired sentences, where the paired sentences are packed 
into a single sentence. After the representation of sentences, the 
first token of all sequences is used to select the special 
classification token, and the aggregate sequence representation 
is executed based on the final hidden state next to the first 
token. Following this, the tokens are generated by separating  

the sentence and then embedded to get text sequences in a 
tokenized form. Hence, the resultant token 𝐵𝑇  is attained 
during BERT tokenization from the selected input text 𝑇𝐷. 

C. Feature extraction 

After the generation of tokens, the different features are 
extracted from the resultant tokens 𝐵𝑇  different extractors 
transfer the raw data into a suitable form to perform accurate 
detection tasks. In this research, the features, like TF-IDF 

features [25], length of the text, Lin similarity score [27], and 
SentiWordNet features [26], like punctuation marks, hashtags, 
capitalized words, and a bag of words, are extracted from the 
resultant token 𝐵𝑇  using different extractors. The extraction 
process performed by each feature extractor is delineated 
below: 

1) Length of the text: The length of the text [30] is defined 

as the number of words available in the sentence, which is 

measured by taking the ratio of total words available in the 

sentence to the total words available in longest sentence of the 

document. The length of the text is designed in (2) as follows, 

 

𝑀1 =
𝑇𝑜𝑡𝑎𝑙 𝑤𝑜𝑟𝑑𝑠 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑖𝑛 𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒

𝑇𝑜𝑡𝑎𝑙 𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑖𝑛 𝑡ℎ𝑒 𝑙𝑜𝑛𝑔𝑒𝑠𝑡 𝑠𝑒𝑛𝑡𝑒𝑛𝑐𝑒
 (2) 

here, 𝑀1 denotes the extracted length of the text. 

2) TF-IDF: The TF-IDF feature [25] reads the document 

effectively through text summarization. Generally, the TF-IDF 

is a weighting parameter used to assign weights to terms. The 

TF refers to the frequency of terms appearing in a document 

and the number of words presented. The TF is computed by 

dividing total data instances using data count and is given as in 

(3), 
 

𝑇𝐹, 𝛼 =
𝑈

𝑉
 (3) 

where the number of times terms appear in a document is 
given by 𝑉, and the number of words in a document is 
represented as 𝑈. Further, the IDF is expressed as in (4), 

𝐼𝐷𝐹, 𝛽 = 𝑙𝑜𝑔
𝐼

𝐽
 (4) 

here, the total utilized documents are signified as 𝐼 and the 
total documents with the presence of the selected term are 
given by 𝐽. Hence, the extracted TF-IDF feature from the token 
𝐵𝑇  is expressed by (5), 

𝑀2 = 𝛼 × 𝛽 (5) 

where, 𝑀2 symbolizes the TF-IDF extracted feature. 

3) Lin similarity: The Lin similarity [27] is used to 

identify the semantic similarity between two words by 

considering the commonness between the words and the 

described information. The Lin similarity is given as in (6), 

 

𝑀3 = 2 ∗
𝜒(𝛿(𝐻1, 𝐻2))

𝜒(𝐻1) + 𝜒(𝐻2)
 (6) 

here, the extracted Lin similarity feature is represented as 
𝑀3, the lowest common subsumer is given by𝛿, the 
information content is signified as𝜒, 𝐻1and 𝐻2 symbolizes 
word 1 and word 2. 

4) SentiWordNet features: The SentiWordNet [31] is 

considered a lexical resource used for opinion mining, where 

the SentiWordNet uses three sentiment numerical scores, such 

as Neg(s), Pos(s), and Obj(s) to each synsets of WordNet to 

Fig. 1. Schematic view of the Vi-CNN for emotion 

detection from text data 
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describe how negative, positive, and objective terms are 

available in synsets. The extracted SentiWordNet feature from 

the token 𝐵𝑇  is signified as 𝑀4. 

5) Punctuation marks: The exclamation marks, 

apostrophes, dots, etc, available in the document are termed 

punctuation marks [26] and are expressed as in (7), 

𝑀5 = ∑ 𝐴𝑘
𝑔

𝑤

𝑘=1

 (7) 

where, 𝑀5 indicates the extracted punctuation 

feature, 𝐴𝑘
𝑔 

indicates the total punctuations presented in the 𝑔𝑡ℎ 

review, and 𝑤 symbolizes the total words presented in the text. 

6) Hashtag: generally, hashtags [26] are utilized on 

Twitter to get specific information by contributing new things, 

and the extracted hashtag feature is given by (8) , 
 

𝑀6 = ∑ 𝐶𝑘
𝑔

𝑤

𝑘=1

 (8) 

where, 𝑀6 indicates the extracted Hashtags feature, and 

𝐶𝑘
𝑔

represents the hashtags presented in 𝑔𝑡ℎ review. 

7) All-caps: all-caps [26] is the total capitalized words 

presented in the text document and is expressed as in (9), 
 

𝑀7 = ∑ 𝐷𝑘
𝑔

𝑤

𝑘=1

 (9) 

here,𝑀7signifies the extracted all-cap feature and the total 

capitalized words presented in 𝑔𝑡ℎ review is represented as 𝐷𝑘
𝑔

.  

8) Bag of word: In Bag of Word [32], the documents are 

considered a collection of words that help to represent the text 

data regardless of order or grammar. The Bag of Word handles 

each document as a numerical vector set with a fixed length, 

and each feature for the extraction of the Bag of Word feature 

represents the frequency of occurrence of each word 𝑀8. 

 
Thus, the final extracted text feature obtained from all the 

features extracted from the token 𝐵𝑇  are given as in (10), 

𝑀𝐸𝑥𝑡𝑟𝑎𝑐𝑡 = [𝑀1, 𝑀2, 𝑀3, . . . , 𝑀8] (10) 

Later, the final extracted features 𝑀𝐸𝑥𝑡𝑟𝑎𝑐𝑡  from the 
token 𝐵𝑇  Emotion recognition tasks using Vi-CNN are 
allowed. 

D. Emotion detection using Vi-CNN  

Emotion is considered a significant indicator of mental 
states and biological effects and also explains the physiological 
statements of humans. Emotion recognition plays a vital role in 
accurately detecting and understanding text emotions. In this 
research, emotion detection is performed using the Vi-CNN 
model, where the Vi-CNN is developed by integrating deep 
learning approaches, like Sequence-based CNN [28] and ViT 
[29]. The emotion recognition task in Vi-CNN is carried out 
under the Sequence-based CNN model, the Vi-CNN layer, and 
the VisionNet model. Moreover, harmonic analysis [33] is used 

in the fusion and regression modeling layer in Vi-CNN to 
enhance its strength. The input data 𝑇𝐷  is fed into a Sequence-
based CNN model to get the output 𝛾1. After that, the output of 
the Sequence-based CNN model 𝛾1 and the extracted 
feature 𝑀𝐸𝑥𝑡𝑟𝑎𝑐𝑡 are fed into the Vi-CNN layer to obtain the 
output 𝛾2. The resultant output is fed into ViT to identify the 
final detected emotion 𝛾3. Moreover, Fig. 2 shows the 
systematic view of the Vi-CNN approach for emotion 

detection.  

1) Sequence-based CNN 

In sequence-based CNN [28], the corpus is trained using 
the CNN model with an attention mechanism. The corpus 
mainly comprises a sequence of utterances that helps to 
provide solutions for the sequence of detection tasks. The 
sequence-based CNN utilizes input text data from the present 
sentence for emotion detection and multiple feature extraction 
channels for emotion detection. This model comprises a one-
dimensional convolutional layer with a non-linear activation 
function, which utilizes max pooling operations to extract 
features from a fully connected layer with a SoftMax classifier 
and input data for accurate classification of emotion classes. 
Moreover, the filters are convolved over the word sequences to 
extract features. Also, the convolutional layer extracts the 

Fig. 2. Block diagram of Vi-CNN approach for 

emotion detection 
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context and local features using vector representation, and the 
extracted features are passed via the max pooling layer to the 
fully connected layer. Later, the context CNN features are sent 
to the attention model output to capture and classify the most 
important semantic information from the sentence. The 
sequence-based CNN mainly comprises five layers, such as the 
convolutional layer, fully connected layer, pooling layer, and 
attention mechanism layer, where the process carried out in 
each layer is explicated below. 

 Convolutional layer: is the core sequence-based CNN, 
which helps to perform convolution filter operations 
to extract features from input text data 𝑇𝐷. It employes 
filters sweeping across all sentences, convolving with 
words to produce feature maps. The weight of the 
neurons is updated through the training session, while 
the filters are randomly initialized. 

 Activation function: Among all activation functions, 
such as Hyperbolic Tangent (tanh), Rectified Linear 
Unit (ReLU), and sigmoid function, the ReLU is the 
most commonly used activation function for 
increasing the training speed and accuracy of the 
results. In a sequence-based CNN, the nonlinear data, 
such as a single line, cannot be easily separated once a 
nonlinear activation function handles classification. 
The ReLU activation function is given as in (11),  

𝑓(𝑇𝐷) = 𝑀𝑎𝑥(0, 𝑇𝐷) (11) 

 Max pooling: The activation function output is 
subjected to the pooling layer once the ReLU 
activation function is performed. A max pooling 
operation is applied to the outcome of the 
convolutional layer, and the resultant matrix of the 
pooled feature map is expressed as in (12), 

𝑊 = [𝑎(𝜀(𝜙1)), 𝑎(𝜀(𝜙2)), 𝑎(𝜀(𝜙3)), . . . , 𝑎(𝜀(𝜙𝑁))] (12)  

Here, the feature map is signified as 𝜙𝑁, the ReLU 
operation is represented as 𝜀, and the pooling 
operation is given by 𝑎. Then, the output of the CNN 
layer is reshaped by subjecting the feature map to a 
fully connected layer. 

 Attention model: The output vectors 
(𝑧1, 𝑧2, 𝑧3, . . . 𝑧𝑙) generated by the fully connected 
layer are taken as the matrix, where the sentence 
length is represented 𝑙. Later, a vector is returned, and 
the output vector summary focuses on information 
linked to the context. Then, the weighted arithmetic 
mean of the output vectors is returned. Moreover, the 
weights are selected based on the relevance of each 
output vector according to the given context. Some of 
the steps taken under consideration are, at first, the 
feature vectors and the input context are accurately 
recognized, and then, the output vector and context 
aggregation are performed. After that, a SoftMax is 
used to compute the weights and the maximum 
relevance of the variables based on the contexts. 
Finally, the output is taken as the weighted arithmetic 
mean of all output vectors, and the most correlated 

variables are selected by the attention model with the 
context.  

 Output layer: The attention layer output is fed to the 
output layer, which generates N-dimensional vectors. 
Later, a SoftMax classifier is utilized to determine the 
probabilities for predicting output emotions. The 
resultant output obtained from the SoftMax layer is 
expressed as in (13), 

𝛾1 = 𝑠𝑜𝑓𝑡𝑚 𝑎𝑥(𝑇𝐷 ∗ 𝐿𝑐 + 𝜓𝑐) (13) 

where the bias is symbolized as 𝜓𝑐, the weight vector is 
indicated as 𝐿𝑐, and the output of Sequence-based CNN is 
given by 𝛾1. Further, the architecture of Sequence-based CNN 
is displayed in Fig. 3. 

2) Vi-CNN layer 

The output of the Sequence-based CNN model 𝛾1and 
extracted feature 𝑀𝐸𝑥𝑡𝑟𝑎𝑐𝑡  fed and fused using harmonic 
analysis [33] In the Vi-CNN layer. Here, the unknown 
deterministic elements are determined using harmonic analysis 
from the models with unknown amplitudes and frequencies. It 
enables the combination of the two inputs into a unified output, 
thereby enhancing recognition accuracy. The time series is 
designed based on periodical structures. At first, the Vi-CNN 
layer output is obtained based on the extracted 

feature 𝑀𝐸𝑥𝑡𝑟𝑎𝑐𝑡  at 𝑞𝑡ℎ time interval, which is expressed as in 
(14) , 

𝑦1 = ∑(𝑀𝐸𝑥𝑡𝑟𝑎𝑐𝑡)𝑐

𝑛

𝑐=1

𝜗𝑐 (14) 

here, the extracted features are represented as 𝑀𝐸𝑥𝑡𝑟𝑎𝑐𝑡 , and 
the weight coefficient is indicated by 𝜗. Later, the time series is 
modeled to perform harmonic analysis based on the periodical 
structures, which is given by (15), 

𝐸(1), 𝐸(2), 𝐸(3), . . . , 𝐸(𝑖), . . . , 𝐸(𝑤) (15) 

where, the 𝑖𝑡ℎtime series data taken for observation is 
represented as 𝐸(𝑖), and the length of the time series is given by 

𝑤.  

After that, the description of the observed series 𝐸(𝑖) is 
obtained by an orthogonal trigonometric function. Hence, if 𝐸 
is odd, then 𝑤 = 2𝑏 + 1and the orthogonal trigonometric 
function is expressed as (16), 

𝐸(𝑖) = 𝜛0 + ∑ (𝜛𝑗 𝑐𝑜𝑠 (
2𝜋𝑗𝑖

𝑤
) + 𝜆𝑗 𝑠𝑖𝑛 (

2𝜋𝑗𝑖

𝑤
))

𝑏

𝑗

 (16) 

where the total cycles are represented as 𝑏, 𝜛 and 𝜆 are the 
preselected constants [34].  

Let us consider, 𝑤 = 2 and 𝑏 = 1, the resultant equation 
(16) is given by (17) and (18), 

𝐸(𝑖) = 𝜛0 + 𝜛1 𝑐𝑜𝑠 (
2𝜋𝑖

2
) + 𝜆1 𝑠𝑖𝑛 (

2𝜋𝑖

2
) 

𝐸(𝑖) = 𝜛0 + 𝜛1 𝑐𝑜𝑠 𝜋 𝑖 + 𝜆1 𝑠𝑖𝑛 𝜋 𝑖 
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here, 

𝜛0 =
1

𝑤
∑ 𝐸(𝑖)

𝑤

𝑖=1

 

𝜛0 =
1

2
[𝐸(1) + 𝐸(2)] 

 

𝜛𝑗 =
2

𝑤
∑ 𝐸(𝑖) 𝑐𝑜𝑠(2𝜋𝑗𝑖/𝑤)

𝑤

𝑖=1

 (21) 

Assume, 𝑗 = 1, = 2 , the equation (22) is written as, 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

𝜛1 =
2

2
[𝐸(1) 𝑐𝑜𝑠 (

2𝜋

2
) + 𝐸(2) 𝑐𝑜𝑠 (

2𝜋2

2
)]



𝜛1 = 𝐸(1) 𝑐𝑜𝑠(𝜋) + 𝐸(2) 𝑐𝑜𝑠(2𝜋) 

 

By substituting the values of 𝑐𝑜𝑠(𝜋)and 𝑐𝑜𝑠(2𝜋) in equation 

(23), and the equation is written as in (24), 

 

𝜛1 = 𝐸(1)(−1) + 𝐸(2)(1) 

 

Input text,   

Fully connected 

layer 

 

…
 

…
 

Activation 

layer 

Convolutional 

layer 

CNN LAYER 

Max pooling 

layer 

ATTENTION LAYER 

 

OUTPUT LAYER 

 

Sequence-based CNN 

model output,  

Fig. 3. Architecture of the Sequence-based CNN model 
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𝜛1 = −𝐸(1) + 𝐸(2) 

Furthermore, the expression of 𝜆𝑗  is expressed by (26), 

𝜆𝑗 =
2

𝑤
∑ 𝐸(𝑖) 𝑠𝑖𝑛(2𝜋𝑗𝑖/𝑤)

𝑤

𝑖=1

 (26) 

As 𝑗 = 1, 𝑤 = 2, 

𝜆1 =
2

2
[𝐸(1) 𝑠𝑖𝑛 (

2𝜋

2
) + 𝐸(2) 𝑠𝑖𝑛 (

2𝜋2

2
)] 

𝜆1 = 𝐸(1) 𝑠𝑖𝑛(𝜋) + 𝐸(2) 𝑠𝑖𝑛(2𝜋) 

Substituting the values of 𝑠𝑖𝑛(𝜋) and 𝑠𝑖𝑛(2𝜋) in equation 

(28), and the resultant equation is given as in (29), 

 

𝜆1 = 𝐸(1)(0) + 𝐸(2)(0) (29) 

where the time series model is signified as 𝐸(𝑖 − 1), 𝐸(𝑖), and 

𝐸(𝑖 + 1). Thus, 𝐸(2) = 𝐸(𝑖),𝐸(1) = 𝐸(𝑖 − 1),  and 𝐸(𝑖) =

𝐸(𝑖 + 1). 

Hence, by substituting the expression of 𝐸(1), 𝐸(2) , and 𝐸(𝑖) in 

(20), (25), (28), and (29), the resultant expression is given as 

in (30), 

 

𝐸(𝑖 + 1) = 𝜛0 + 𝜛1 𝑐𝑜𝑠 𝜋 𝑖 + 𝜆1 𝑠𝑖𝑛 𝜋 𝑖 

𝜛1 = −𝐸(𝑖 − 1) + 𝐸(𝑖) 

𝜆1 = 0 

Further, after derivation process, we get: 
 

𝐸(𝑖 + 1) = 𝐸(𝑖) [
1+2 𝑐𝑜𝑠 𝜋𝑖

2
] + 𝐸(𝑖 − 1) [

1−2 𝑐𝑜𝑠 𝜋𝑖

2
] 

Consider, 𝐸(𝑖) = 𝑦1, 𝐸(𝑖 − 1) = 𝛾1, and 𝐸(𝑖 + 1) = 𝛾2, we 

get, 

𝛾2 = 𝑦1 [
1+2 𝑐𝑜𝑠 𝜋𝑖

2
] + 𝛾1 [

1−2 𝑐𝑜𝑠 𝜋𝑖

2
] 

𝛾2 =

∑ (𝑀𝐸𝑥𝑡𝑟𝑎𝑐𝑡)𝑐
𝑛
𝑐=1 𝜗𝑐 [

1+2 𝑐𝑜𝑠 𝜋𝑖

2
] + (𝑠𝑜𝑓𝑡𝑚 𝑎𝑥(𝑇𝐷 ∗

𝐿𝑐 + 𝜓𝑐)) [
1−2 𝑐𝑜𝑠 𝜋𝑖

2
]



where the resultant output of the Vi-CNN layer is signified as 

𝛾2, which is further fed into the ViT model to get the final 

detected emotion. 

 
3) ViT model 

Nowadays, the ViT model [29] is gaining massive attention 

in the vision community and is used to perform large vision 

application tasks. The ViT model performs intra- and inter-

calculations between tokens by providing solutions to 

underlying tasks and splitting the output of the Vi-CNN layer 

𝛾2 into ordered patches in series.  

Assume a ViT model is applied with the Vi-CNN layer. 

𝛾2 of height 𝜂, width 𝜅, and channel 𝜌 to execute the emotion 

detection task. Hence, the generated output is expressed as in 

(36), 

𝛾3 = 𝜌 ∘ 𝑋ℎ ∘ 𝑋ℎ−1 ∘ ⋯ ∘ 𝑋1 ∘ 𝛾2 (36) 

here, 𝑋(. ) represents the transformer block at the layer ℎ. 

Thus, by substituting 𝛾2  in (36), and the resultant equation is 

written as in (37), 

𝛾3  
= 𝜌 ∘ 𝑋ℎ ∘ 𝑋ℎ−1 ∘ ⋯ ∘ 𝑋1

∘ (∑(𝑀𝐸𝑥𝑡𝑟𝑎𝑐𝑡)𝑐

𝑛

𝑐=1

𝜗𝑐 [
1 + 2 𝑐𝑜𝑠 𝜋 𝑖

2
]

+ (𝑠𝑜𝑓𝑡𝑚 𝑎𝑥(𝑇𝐷 ∗ 𝐿𝑐 + 𝜓𝑐)) [
1 − 2 𝑐𝑜𝑠 𝜋 𝑖

2
])

(37) 

Let us consider that the transformer block is used to 

transform all the tokens from (𝐻 − 1)𝑡ℎlayer to 𝐻𝑡ℎ layer, and 

the process is expressed as in (38), 
 

𝑌1:𝑔
𝐻 = 𝑋𝐻(𝑌1:𝑔

𝐻−1) (38) 

where, 𝑌1:𝑔
𝐻 indicates the modified token, and the number of 

tokens is indicated as𝐼. Later, the dimension of consistent 

feature 𝐺is used for all tokens by ViT throughout the layers, 

making the model jointly monitor all layers and making it easy 

to learn and capture global halting mechanisms. Therefore, the 

final detected emotion 𝛾3is obtained using ViT, and Fig. 4 

shows the structure of the ViT [35].  

Further, the detected emotions are finally classified into 

different classes: anger, boredom, enthusiasm, emptiness, fun, 

sadness, neutral, hate, relief, love, happiness, surprise, and 

worry. Table I delineates the results obtained from the 

experiment by Vi-CNN on classifying emotions, such as 

anger, boredom, enthusiasm, emptiness, fun, sadness, neutral, 

hate, relief, love, happiness, surprise, and worry. 

E. Practical Implementation 

Due to the complex computations involved in the practical 

implementation of the proposed model, we explain each step 

in the model using a small simulation example.  

 

TABLE I. CLASSIFIED EMOTION BY VI-CNN 

Input text 
Classified 

emotion 

I had a dream about a pretty beach, and there was no 

beach when I woke up 
Surprise 

fuckin' trans telecom Anger 

Pats in Philly at 2 a.m.- I love it. Mmm, cheesesteak. I 

miss my boyfriend, but I love vacation. 
Love 

It is so annoying when she starts typing on her 
computer in the middle of the night! 

Hate 

bed...sorta. today was good; Sara has strep, though 

Angelina does too. I shared water with her B4, and 

they told me I will prob get it to 

Enthusiasm 

Waiting in line @ tryst Boredom 

Wondering why I'm awake at 7 am, writing a new 

song, plotting my evil secret plots muahahaha...oh 
damn it, not secret anymore 

Fun 

# I am excited to join you tomorrow Happiness 

I have a headache, so I'm going to bed. Goodnight! Empty 

Funeral ceremony...gloomy Friday... Sadness 

SoCal!  stoked. or maybe not. tomorrow Neutral 

I'm at work Relief 

Choked on her retainers Worry 
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Suppose the text input data is “# I am excited to join you 

tomorrow”, and the emotion classification classes are [love, 

sadness, happiness, and neutral]. 

1. The model starts tokenizing and converting each token 

into a vector for the input text using BERT 

tokenization. Where the vocabulary size for each 

token’s vector is 3.  Table II shows the BERT 

tokenization operation. 

 

2. In this step, the engineering features, such as 

capitalized words, hashtags, and text length, are 

extracted from the BERT tokenization. In this example, 

three features are extracted for simple illustration; 

Therefore, 𝑀𝑒𝑥𝑡𝑟𝑎𝑐𝑡𝑒𝑑 = [1, 1, 8]. Where in the sentence 

example, the number of capitalized words is 1, the 

number of hashtags is 1, and the text length is 8. 

 

3. The next step is implementing a sequence-based CNN 

to extract the local features by sliding the convolutional 

filters over the token’s vector. Suppose the window size 

is two, and the kernels with size 2*3 are used. Table III 

illustrates the kernel operations to extract the feature 

map.  

TABLE II.BERT TOKENIZATION 

Word BERT tokenization vector 

# [0.1, 0.1, 0.1] 

I [0.5, 0.6, 0.7] 

am [0.4, 0.5, 0.6] 

excited [0.8, 0.9, 1.0] 

to [0.2, 0.3, 0.4] 

join [0.5, 0.6, 0.7] 

you [0.7, 0.8, 0.9] 

tomorrow [0.4, 0.5, 0.6] 

 
 

TABLE III. KERNELS OPERATIONS 

Token’s vector Kernel1’s weights Kernel1 output 

# + I 

[[0.2,0.3,0.4], 
[0.5,0.6.0.7]] 

1.19 

I + am 1.48 

am + excited 2.11 

excited + to 1.39 

to + join 1.39 

join + you 2.02 

you + tomorrow 1.66 

Token’s vector Kernel2’s weights Kernel2 output 

# + I 

[[0.2,0.1,0.3], 

[0.6,0.4.0.5]] 

0.86 

I + am 1.11 

am + excited 1.65 

excited + to 0.99 

to + join 1.88 

join + you 1.56 

you + tomorrow 3.66 

 

After extracting the feature map, which is the kernel1 

and kernel2 outputs, the MaxPooling operation 

highlights the crucial features. In this example, the 

MaxPooling operation takes the maximum feature value 

between two. Table IV shows the MaxPooling 

operation. The selected MaxPooling features for each 

kernel are transferred to the next step, the attention 

layer operation, to weigh the importance of each 

extracted feature. The attention layer operation focuses 

on emotionally relevant parts that refer to happiness. 

Table V presents attention layer results, where the 

results of kernel1 and kernel2 are [1.81] and [2.44], 

respectively. 

4. The output from the sequence-based CNN and M-

extracted features is transferred to the VI-CNN layer to 

merge using the Harmonic mean, and the final weighted 

fused 𝛾2 features are illustrated in Table VI.   

TABLE IV. MAXPOOLING OPERATION 

Kernel 

number 

Kernel’s output MaxPooling 

1 [1.19, 1.48, 2.11, 
1.39, 1.39, 2.02, 

1.66] 

[1.48, 2.11, 2.02, 1.66] 

2 [0.86, 1.11, 1.65, 
0.99, 1.88, 1.56, 

3.66] 

[1.11, 1.65, 1.88, 3.66] 

TABLE V. ATTENTION LAYER RESULTS 

Kern

el 

numb

er 

exponent

ial 

operation 

Exp 

sum 

SoftM

ax 

Weighted attention output 𝜸𝟏 

1 exp 

([1.48, 
2.11, 

2.02, 

1.66]) 

[4.0

2, 
5.73

, 

5.49
, 

4.51

] = 
19.7

5 

[0.20, 

0.29, 
0.27, 

0.22] 

1.48*0.20+2.11*0.29+2.02*0.27+

1.66*0.22= 1.81 

2 exp 
([1.11, 

1.65, 

1.88, 
3.66]) 

[3.0
1, 

4.48

, 
5.11

, 

9.94
] = 

22.6

3 

[0.13, 
0.19, 

0.22, 

0.43] 

1.11*0.13+1.65*0.19+1.88*0.22+
3.66*0.43= 2.44 

 

 

TABLE VI. FUSED FEATURES 

Weighted 

attention output 

𝜸𝟏 

𝑴𝒆𝒙𝒕𝒓𝒂𝒄𝒕𝒆𝒅 VI-CNN layer output 𝜸𝟐 

1.81 1 2/(1/1.81+1/1)=2/1.55=1.29 

1.81 1 2/(1/1.81+1/1)=1.29 

1.81 8 2/(1/1.81+1/8)=2/1.675=1.19 

2.44 1 2/(1/2.44+1/1)=2/1.40=1.42 

2.44 1 2/(1/2.44+1/1)=1.42 

2.44 8 2/(1/2.44+1/8)=2/0.53=3.77 
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5. The fused feature vector y2 is input to the ViT model, 

which divides it into patches. Each patch is flattened 

and projected into the transformer’s embedding space. 

Then the transformer encoder applies self-attention and 

feed-forward to learn the contextual relationships using 

(39)  

 

Attention(𝑄, 𝐾, 𝑉) = 𝑆oftMax (
𝑄𝐾𝑇

√𝑑𝑘
) V  39 

 

Q refers to Query, K to Key, and V to Values, and 

here, they are identical. After calculating the attention 

output, the dot product operation is applied between it 

and the fully connected layer weight. Then, the 

SoftMax operation is used to get the probability for 

each emotion class, 𝛾3. Table VII shows the attention 

mechanism. Suppose the final probability for each 

class, love is 0.2, sadness is 0.19, happiness is 0.35, 

and neutral is 0.26. So, this example's final prediction 

𝛾3 is happiness because it has the highest probability. 

 

I. RESULTS AND DISCUSSION  

The validation of experimental results attained by Vi-CNN 

and other baseline approaches employed for comparison, and 

the discussions performed are as follows.  

A. Experimental set-up 

The Vi-CNN developed for emotion detection is executed 

using a Python tool with Keras and TensorFlow libraries. 

B. Performance analysis 

The effectiveness of Vi-CNN designed for emotion 

detection is validated for several hidden neurons and the 

number of epochs by varying learning sets using different 

evaluation measures. 

 
1) Performance measures 

To evaluate the superiority of Vi-CNN used for emotion 

detection, the following metrics have been used: 

 F-measure: It is the harmonic mean between precision 

and recall and is expressed as in (40), 

 

𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒 = 2
𝑅 ∗ 𝑃

𝑅 + 𝑃
 (40) 

Here, the recall is signified as 𝑅 and 𝑃 indicates precision. 

 Recall: Recall is the ratio of accurately detected 

positive labels to the total positive labels and is given 

by (41), 

𝑅𝑒 𝑐 𝑎𝑙𝑙, 𝑅 =
𝑢1

𝑢1 + 𝑢4

 (41) 

where, true positive is signified as 𝑢1, and 𝑢4 represents 

false negative. 

 Perecision: Precision is the ratio of accurately 

detected positive labels from the total detected positive 

labels, and is articulated as in (42), 
 

𝑃𝑟 𝑒 𝑐𝑖𝑠𝑖𝑜𝑛, 𝑃 =
𝑢1

𝑢1 + 𝑢3

 (42) 

here, false positive is indicated by 𝑢3 [36]. 
 

 

2) Validation of Vi-CNN concerning the number of epochs 

The analysis of the performance of Vi-CNN utilized for 

detecting emotion from texts based on many epochs is 

delineated in Fig. 5. The evaluation of Vi-CNN using recall by  

altering total epochs is demonstrated in Fig. 5(a). For 90% 

of the learning set, the Vi-CNN measured recall of 93.877%, 

91.887%, 89.978%, and 88.876% for 40, 30, 20, and 10 

epochs. Furthermore, the validation of Vi-CNN developed for 

emotion detection from input text utilizing F-measure is 

elucidated in Fig. 5(b).  

Here, for 40, 30, 20, and 10 epochs, the Vi-CNN measured 

F-measure of 92.867%, 90.882%, 89.480%, and 88.384% as 

for the 90% learning set. Also, Fig. 5(c) portrays the valuation 

of Vi-CNN using precision, whereas the precision of 91.878%, 

89.898%, 88.988%, and 87.898% is recorded by Vi-CNN for 

40, 30, 20, and 10 epochs as for learning a set of 90%.  
 

3) Validation of Vi-CNN concerning the number of hidden 

neurons 

The performance valuation of Vi-CNN used for emotion 

detection from input text based on the total number of neurons 

is depicted in Fig. 6. The evaluation of Vi-CNN utilizing 

recall for different numbers of neurons is depicted in Fig. 6(a). 

The Vi-CNN observed recall of 93.877%, 92.987%, 90.898%, 

and 88.876% for hidden neurons of 10, 8, 6, and 4 for 90% 

learning set. Fig. 6(b) demonstrates the valuation of Vi-CNN 

based on F-measure, where for a learning set of 90%, F-

measure of 92.867%, 91.410%, 89.932%, and 88.373% is 

measured by Vi-CNN with a total of 10, 8, 6, and 4 hidden 

neurons. Moreover, the evaluation of Vi-CNN utilizing 

precision for different numbers of neurons is illustrated in Fig 

TABLE VII THE VIT OPERATION 

Patch 

number 

patches Attention weight Exponential operation SoftMax Attention output 

1 [1.29, 1.29,1.19] Q1.K1=1.29*1.29+1.29

*1.29+1.19*1.19=5.70 

Exp(5.70)=15.49 15.49/37.61=0.41 0.41*[1.29, 1.29, 1.19] 

+ 0.58*[1.42, 1.42, 
3.77] = [0.52, 0.52, 

0.48] + [0.82, 0.82, 

2.18] 
=[1.34, 1.34, 2.66] 

 

2 [1.42,1.42, 3.77] Q1.K2=1.29*1.42+1.29
*1.42+1.19*3.77=8.14 

Exp(8.14)=22.12 22.12/37.61=0.58 
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6(c). For 10, 8, 6, and 4 hidden neurons, the Vi-CNN recorded 

a precision of 91.878%, 89.887%, 88.987%, and 87.876% for 

the learning set of 90%. 

  

C. Comparative schemes and validation 

The prevailing schemes used for emotion detection from 

text data, such as CSAGAT [20], TA-MERT [11], BiLSTM 

[21], and DIMMN [8], are compared to identify Vi-CNN's 

superiority in detecting human emotion. The comparative 

validation is performed to determine the effectiveness of Vi-

CNN by varying the K-set and learning set, where the analysis 

executed is explicated as follows, 

1) Validation of Vi-CNN concerning K-set 

The experimental valuation of Vi-CNN designed for 

emotion detection in this research by considering the K-set is 

given in Fig. 7. The validation of Vi-CNN employing recall is 

demonstrated in Fig. 7(a), where Vi-CNN measured a 

maximum recall of 94.765% for a K-set of 8. Likewise, the 

baseline emotion detection schemes recorded recall of 

87.868% by CSAGAT, 89.989% by TA-MERT, 91.877% by 

BiLSTM, and 92.109% by DIMMN. As seen in the figure, the 

Vi-CNN attained superior results with a maximum 

performance of 2.80% compared to the baseline DIMMN 

scheme. In Fig. 7(b), the F-measure observed by Vi-CNN and 

other prevailing emotion detection approaches employed for 

comparison is validated by varying the K-set. For the K-set of 

8, the baseline detection schemes, like CSAGAT, TA-MERT, 

BiLSTM, and DIMMN, recorded F-measure of 85.803%, 

87.313%, 89.430%, and 90.877%, whereas the Vi-CNN 

outperforms prevailing models with a maximum F-measure of 

91.877%. The results proved that Vi-CNN attained superior 

results with a higher performance of 4.97% than TA-MERT. 

Further, the valuation of Vi-CNN designed for detecting 

emotions from textual data using precision is delineated in 

Fig. 7(c). The Vi-CNN recorded a maximum precision of 

92.988%, and the precision measured by baseline schemes, 

like CSAGAT, is 86.766%, TA-MERT is 88.879%, BiLSTM 

is 89.899%, and DIMMN is 90.868% for the K-set of 8. The 

results revealed that Vi-CNN achieves the maximum 

performance of 6.69% compared to the traditional CSAGAT 

model.  

2) Validation of Vi-CNN with respect to the learning set 

The assessment of Vi-CNN for detecting emotions based on 

the learning set is elucidated in Fig. 8. The analysis of Vi-

CNN developed to detect emotions from textual data, 

considering recall, is portrayed in Fig. 8(a). The Vi-CNN 

measured a high recall of 93.878% for 90% of the learning set, 

and the recall measured by baseline schemes, like CSAGAT, 

is 85.898%, TA-MERT is 87.988%, BiLSTM is 89.887%, and 

DIMMN is 90.877%. The Vi-CNN achieved a maximum 

performance of 3.20% compared to traditional DIMMN. The 

evaluation of Vi-CNN utilized for emotion detection by 

utilizing F-measure is depicted in Fig. 8(b). Here, the F-

measure of 92.867% is obtained by Vi-CNN for 90% of the 

learning set. Similarly, the baseline schemes measured an F-

measure of 85.440% by CSAGAT, 86.920% by TA-MERT, 

88.928% by BiLSTM, and 90.374% by DIMMN. It can be 

observed that the Vi-CNN attained a superior performance of 

4.24% compared to the prevailing BiLSTM model. Fig. 8(c) 

shows the precision measured by Vi-CNN and existing 

techniques utilized for emotion detection with varying 

learning sets.  

The existing techniques, such as CSAGAT, TA-MERT, 

BiLSTM, and DIMMN, measured precision of 84.988%, 

85.879%, 87.990%, and 89.876% for a learning set of 90%. 

The Vi-CNN outperforms baseline schemes used for emotion 

a 

b 

c 

Fig. 5. Performance evaluation of Vi-CNN using 

(a) Recall, (b) F-measure, and (c) Precision based 

on the number of epochs 

a 

b 

c 

Fig. 6. Performance evaluation of Vi-CNN using 

(a) Recall, (b) F-measure, and (c) Precision based 

on the number of neurons 
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detection with a maximum precision of 91.879%. The results 

show that Vi-CNN achieved superior experimental outcomes 

with a higher performance by 7.50% than CSAGAT. 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

D. Comparative discussion 

Table VIII illustrates the results obtained from the 

experiment by Vi-CNN and existing emotion detection 

schemes concerning the K-set and learning set. The Vi-CNN 

outperforms existing techniques with a high recall of 

94.765%, F-measure of 91.877%, and precision of 92.988% 

for a K-set of 8. Similarly, the other prevailing approaches 

attained recall of 87.868% by CSAGAT, 89.989% by TA-

MERT, 91.877% by BiLSTM, and 92.109% by DIMMN. The 

F-measure recorded by existing schemes, like CSAGAT, TA-

MERT, BiLSTM, and DIMMN, is 86.766%, 88.879%, 

89.899%, and 90.868%, and the existing techniques measured 

precision of 85.803%, 87.313%, 89.430%, and 90.877%.  The 

results show that the Vi-CNN precisely detected emotions 

from the text samples to test the model's performance. The Vi-

CNN classified emotional states from many sequential text 

data to recognize emotional patterns. Also, the Vi-CNN 

significantly reduced the complexity of the models, thereby 

increasing the generalization ability to enhance the detection 

performance. 
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Fig. 7. Comparative validation of Vi-CNN 

utilizing (a) Recall, (b) F-measure, and (c) 

Precision concerning K-set 

 

a 

b 

c 

Fig. 8. Comparative validation of Vi-CNN 

employing (a) Recall, (b) F-measure, and (c) 

Precision concerning the learning set 
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In the field of emotion recognition, sometimes text may 

express multiple emotions. For instance, “I'm happy but also a 

bit nervous about today” could hold both happy and worry 

feelings.  The VI-CNN system integrates multiple mechanisms 

to obtain nuanced and combined emotional features. 

Accordingly, the extracted local features by CNN are fused 

with engineered features, yielding a rich feature set. In 

addition to the attention mechanism, the system can notice 

multiple emotionally salient words. Finally, using SoftMax 

probabilities enables the system to express that more than one 

emotion is relevant to an input.   

The proposed Vi-CNN model outperforms other models as 

the convolution operation effectively captures local patterns 

and context, regardless of their position in the input. This 

helps robustly identify critical emotion-related features (e.g., 

specific words or visual cues), even if they appear at different 

positions. 

Additionally, the model utilizes the vision sequence-based 

CNNs that maintain sequential information relying on the 

spatial arrangement of embedding. The vision sequence can 

effectively capture local sequential dependencies through 

convolution and pooling operations. Therefore, when the 

proposed paradigm is contrasted with pure transformer models 

having an exclusive reliance on global self-attention 

mechanisms, it is apparent that convolutional neural networks 

or CNNs can provide a more computationally efficient 

approach while still having the ability to maintain the potential 

for capturing the intrinsic structure of sequences needed for 

understanding the data. Lastly, Vision sequence-based CNNs 

can naturally combine text embedding with other text features, 

such as punctuation and capitalization, in a spatially coherent 

way, in contrast to different models that treat each set of 

features separately. 

II. CONCLUSION 

Nowadays, emotion detection has gained massive attention 

from humans due to increasing advancements in identifying 

individual opinions, emotions, and sentiments from textual 

conversations. Various techniques are used to accurately 

detect the individual's emotions from textual data to 

understand the user experiences, communication, and 

personalization. In this article, a hybrid deep learning model, 

namely Vi-CNN, is designed for emotion detection from text 

data. Here, the emotions are accurately detected using Vi-

CNN and classified into anger, boredom, enthusiasm, 

emptiness, fun, sadness, neutral, hate, relief, love, happiness, 

surprise, and worry. The supremacy of Vi-CNN in emotion 

detection is validated, where the Vi-CNN attained superior 

results with F-measure, precision, and recall of 93.867%, 

92.988%, and 94.765%. In future research, hybrid algorithmic 

techniques will be employed to optimally adjust the 

hyperparameters of the deep learning approach to enhance 

performance.  
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