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Abstract – This research presents a dual approach to 
textual analysis by utilizing fuzzy logic to detect both 
emotional and energy intensities in text. Through the use 
of trapezoidal membership functions to model diverse 
emotional and energy states and the application of an 
extensive set of fuzzy inference rules, the proposed 
methodology provides a nuanced, context-aware 
interpretation of moods and energy levels within text. 
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I. INTRODUCTION

The rapid development of Natural Language 
Processing (NLP) has transformed how we interpret 
human language in digital content. A key component of 
this progress is sentiment analysis, which seeks to 
identify and interpret the emotional nuances embedded 
in textual data. However, conventional sentiment 
analysis techniques often rely on binary or categorical 
classification, limiting their ability to capture the 
complexity of human emotions and energy dynamics. 

This study tackles the challenge of enhancing text 
analysis by integrating fuzzy logic into sentiment 
analysis, extending the focus beyond emotions to 
include energy levels. Harnessing the ability of fuzzy 
logic to handle uncertainty and ambiguity, we aim to 
improve the detection of emotional and energetic 
intensities in text, providing a more detailed and 
adaptive approach compared to traditional methods [1], 
[2]. 

II. METHODOLOGY

A. Fuzzy Set Theory and Linguistic Variables
Our methodology employs fuzzy set theory to model

both emotional and energy states with varying 
intensities. Linguistic variables for moods such as 
"Angry," "Happy," and "Sad," as well as energy levels 
such as "Calm," "Excited," and "Worried," are defined 
using fuzzy sets. This allows for a nuanced 
representation of emotional and energetic intensities [3].  

B. Membership Functions
The choice of triangular and trapezoidal membership

functions for representing emotional and energy states is 
driven by several considerations: 

• Trapezoidal functions are particularly effective
for capturing the core intensity of states, with a
flat top that allows for a range of values to have
full membership. This is useful for modeling
emotions and energy levels that maintain a
consistent intensity over a certain range.

• Trapezoidal functions are well-suited for
modeling emotions and energy states that
gradually increase or decrease, reflecting the
nuanced nature of human expression.

• Triangular functions provide a sharp peak at a
specific intensity level, allowing for precise
modeling of emotions and energy states that
have a clear peak intensity. The triangular shape
is beneficial for capturing rapid transitions or
specific emotional spikes.

• Triangular functions are ideal for capturing
sudden changes in emotional or energy
intensity, providing a more dynamic response to
variations in text.

• The combination of trapezoidal and triangular
functions enables the system to handle both
gradual and rapid transitions in emotional and
energy states. This dual approach allows for a
more comprehensive representation of the
diverse ways human emotions and energy levels
can change.

This approach is supported by linguistic research, 
which indicates that human expressions often involve a 
mix of gradual and abrupt transitions. The versatility of 
using both trapezoidal and triangular functions allows 
the system to align closely with these patterns, 
enhancing its ability to interpret complex emotional and 
energetic landscapes [3], [4], [5]. 

C. Lexicon Development and Fuzzification Process
A comprehensive lexicon was developed, mapping

words to mood and energy vectors based on empirical 
observations and linguistic studies. Each word in the 
lexicon is annotated with fuzzy set membership values 
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that quantify its association with various emotional and 
energy states. 

D. Fuzzification
The fuzzification process involves scanning the

input text to identify terms present in the lexicon, 
mapping them to their corresponding fuzzy set 
membership values. This step converts the input text 
into a fuzzy representation, with each word associated 
with a vector of membership values across mood and 
energy categories. 

E. Fuzzy Inference Rules
Fuzzy inference rules interpret fuzzified text data to

deduce overall emotional and energy states. These rules 
capture the interplay between different states, 
considering their intensity and combinations. The rules 
are expressed in an "IF-THEN" format, specifying 
conditions and outcomes. 

F. Example Rules
• Mood: IF "Angry" is "High" AND "Worried" is

"High" THEN Output is "Positive."

• Energy: IF "Happy" is "High" AND "Excited"
is "High" THEN Output is "High Positive."

These rules illustrate how combinations of mood and 
energy states influence the overall output. 

III. RESULTS

The application of our fuzzy logic-based 
methodology to mood and energy detection yielded 
insightful results, demonstrating significant 
improvements in the quality of text analysis. By 
integrating trapezoidal membership functions, an 
extensive lexicon, and comprehensive fuzzy inference 
rules, our system quantified the complex emotional and 
energetic landscape of textual data with precision. 

The practical implementation of our research heavily 
relied on Python’s powerful computational libraries, 
particularly NumPy for numerical operations and Scikit-
Fuzzy for fuzzy logic processing. 

NumPy was employed to efficiently manage array 
operations essential for modeling the universe of 
discourse for mood and energy intensity variables. It 
facilitated the creation and manipulation of large data 
structures, ensuring seamless computational 
performance throughout the analysis. Scikit-Fuzzy 
provided the necessary tools to define fuzzy variables, 
implement membership functions, and develop the fuzzy 
inference systems that serve as the foundation of our 
methodology. Using this library, we built sophisticated 
models of emotional and energetic states, capturing their 
subtle complexities with precision. 

The experimental evaluation was carried out on a 
meticulously curated dataset of text samples, each 
labeled with emotional and energy annotations by 
experts. This dataset encompassed a broad spectrum of 
emotional expressions and energy levels, allowing for a 
thorough assessment of the system’s effectiveness. 

The dataset consisted of a thousand text samples, 
which were divided into a training set (70%) and a 
testing set (30%). Each sample was labeled with mood 
and energy intensities, serving as a benchmark for 
evaluating the system's predictions. 

The initial phase of the analysis involved fuzzifying 
the textual data. Words identified in the text were 
mapped to their corresponding fuzzy set membership 
values based on the developed lexicon. This process 
transformed the input text into a multidimensional 
representation of mood and energy, with each word 
contributing to the overall emotional and energetic 
profile of the text. 

For instance, words such as "furious" and "thrilled" 
were associated with high membership values in the 
"Angry" and "Excited" fuzzy sets, respectively, 
effectively capturing their intense emotional and 
energetic connotations. 

The core of the analysis was the application of fuzzy 
inference rules, which synthesized the fuzzified data to 
deduce the overall mood and energy levels of the text. 
The rules were meticulously designed to account for the 
intensity and combination of emotions and energy 
states, providing a nuanced interpretation of the text's 
emotional and energetic tone. 

In a practical application, we set input values for 
various moods and energy states to reflect hypothetical 
textual scenarios. For example, "Angry" was set to 7, 
indicating a high level of anger, while "Happy" was set 
to 3, suggesting a moderate level of happiness. Upon 
running the fuzzy inference system with these inputs, 
the system evaluated the combined effect of these states 
using predefined fuzzy rules and produced an output 
score of 2.7698. This score was interpreted within the 
context of our output fuzzy sets, leading to the 
classification of the overall mood and energy of the text 
as "Neutral." 

The system's output demonstrates its ability to 
integrate diverse emotional and energetic indicators and, 
through the application of fuzzy logic, deduce an overall 
mood and energy state that reflects the nuanced 
interplay of these dimensions. The result underscores the 
system's capacity for nuanced detection in complex 
emotional and energetic landscapes, accurately 
capturing subtle shifts and interactions between different 
states. 

The system's performance was assessed using 
standard metrics, including accuracy, precision, recall, 
and F1 score. These metrics provided a quantitative 
measure of the system's ability to correctly identify and 
quantify emotional and energetic expressions in text. 

The fuzzy logic-based methodology was compared 
to traditional sentiment analysis models, including 
binary classifiers and multi-class classifiers. The results 
demonstrated that our approach significantly improved 
performance across all evaluation metrics. Specifically, 
the system achieved higher accuracy in detecting subtle 
variations in mood and energy intensities, reflected in 
improved precision and recall values. 

Detailed Results: 
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• The system achieved an accuracy of 84.1%,
compared to 72.5% for traditional methods.

• The precision of the fuzzy logic-based method
was 82.9%, significantly higher than the 70.1%
achieved by traditional models.

• The recall metric showed a notable
improvement, with the system reaching 83.8%
compared to 68.9% for traditional methods.

• The F1 score, which balances precision and
recall, was 83.6% for our methodology,
indicating a more balanced performance across
different emotional and energy states.

Graphical representations of the trapezoidal and 
triangular membership functions used in the system 
illustrated how different intensity levels were defined 
and interpreted. These visualizations helped demonstrate 
the system's capability to capture subtle gradations in 
emotional and energetic expressions. 

Scatter plots were used to display the relationship 
between mood and energy intensities for various text 
samples (Fig.1). Each point on the plot represented the 
system's output for a particular text, with the x-axis 
representing emotional intensity and the y-axis 
representing energy intensity. This visualization 
highlighted the system's ability to discern complex 
patterns in text, effectively differentiating between 
varying emotional and energetic states. 

The visualizations confirmed the system's 
effectiveness in accurately capturing and quantifying the 
nuanced interplay of emotions and energy levels within 
text. They provided a clear and intuitive way to 
understand how different words and their associated 
intensities contributed to the overall mood and energy 
scores, demonstrating the potential of fuzzy logic to 
enhance text analysis. 

IV. DISCUSSION

The positive outcomes of our research highlight the 
effectiveness of fuzzy logic in capturing subtle 
emotional and energetic expressions that traditional 
sentiment analysis methods often overlook. By 
integrating mood and energy detection into a unified 
framework, our dual approach provides a 
comprehensive analysis that enhances user experience 

on digital platforms, improves the precision of customer 
sentiment analysis, and supports mental health 
assessments through textual analysis. 

The inherent flexibility of the fuzzy logic-based 
system allows it to manage the ambiguity and vagueness 
typical of human language. This adaptability is essential 
for accurately representing the varying intensities of 
mood and energy present in text. 

The system’s use of trapezoidal and triangular 
membership functions offers a robust framework for 
modeling both gradual and sudden changes in emotional 
and energetic states, effectively capturing the full range 
of human expression. By addressing both mood and 
energy dimensions, the system provides a more detailed 
and nuanced analysis, aligning closely with the complex 
nature of emotions. This dual focus enables the system 
to detect subtle variations in text that are often missed 
by binary or categorical sentiment analysis models. 

However, the development of a comprehensive 
lexicon and the formulation of fuzzy inference rules 
require significant expertise and domain-specific 
knowledge. These processes can be labor-intensive and 
time-consuming, presenting challenges for scalability 
and efficiency. Furthermore, the system’s performance 
depends heavily on the quality of the lexicon and the 
precision of the fuzzy rules. To maintain high levels of 
accuracy, continuous refinement is necessary, especially 
as language evolves and new expressions emerge. 

Future research could explore several directions to 
further improve the fuzzy logic-based mood and energy 
detection system: 

• Machine learning techniques, such as natural
language processing (NLP) and deep learning,
could be employed to automate the discovery of
new words and phrases associated with
emotional and energetic expressions.
Unsupervised learning methods, in particular,
could reduce the manual effort involved in
lexicon development, ensuring the system
remains up-to-date with evolving language.

• Advanced approaches, such as adaptive fuzzy
systems or reinforcement learning, could be
used to dynamically refine and optimize fuzzy
rules based on real-time data and user feedback.
This would allow the system to better adapt to
changing contexts and enhance its predictive
performance over time.

• Integrating contextual information, including
surrounding text, metadata, or temporal patterns,
could provide a more comprehensive
understanding of emotional and energetic states.
Context-aware analysis would increase the
system’s sensitivity to nuanced expressions and
improve its ability to detect subtle shifts in
mood and energy levels across different texts.

V. CONCLUSION

This research demonstrates the effective application 
of fuzzy logic to enhance mood and energy detection in 
textual analysis. By utilizing trapezoidal and triangular 
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membership functions, a comprehensive lexicon, and 
carefully designed fuzzy inference rules, the system 
accurately captures the nuanced spectrum of human 
emotions and energy levels expressed in text. 

The findings underscore the potential of fuzzy logic 
to deliver more granular, flexible, and context-aware 
analysis, reflecting the inherent ambiguity of human 
expression. The system’s capacity to detect subtle 
variations in emotional and energetic intensities 
provides valuable insights for a range of applications, 
from enhancing user interactions on digital platforms to 
supporting mental health assessments through textual 
analysis. 

Future research could focus on automating key 
components, such as lexicon expansion and rule 
refinement, to improve scalability and efficiency. 
Additionally, integrating context-aware analysis and 
exploring advanced fuzzy inference techniques could 
further enhance the system’s adaptability and accuracy, 
paving the way for more intuitive and empathetic 
human-computer interactions. 

REFERENCES 
[1] L. A. Zadeh, "Fuzzy Sets," Information and Control, vol. 8, pp.

338–353, 1965. 
[2] S. Mohammad and P. Turney, "Crowdsourcing a word-emotion 

association lexicon," Computational Linguistics, 2013. URL:
https://arxiv.org/abs/1308.6297 

[3] X. Wang, H. Zhang, and Z. Xu, "Public Sentiments Analysis
Based on Fuzzy Logic for Text," International Journal of
Software Engineering and Knowledge Engineering, vol. 26, no.
9, pp. 1341–1360, 2016. 

[4] B. Cardone, F. Di Martino, and S. Senatore, "Improving the
emotion-based classification by exploiting the fuzzy entropy in
FCM clustering," International Journal of Intelligent Systems,
vol. 36, no. 11, 2021. 

[5] O. Iparraguirre-Villanueva, V. Guevara-Ponce, F. Sierra-Liсan, 
S. Beltozar-Clemente, and M. Cabanillas-Carbonell, "Sentiment
Analysis of Tweets using Unsupervised Learning Techniques 
and the KMeans Algorithm," International Journal of Advanced
Computer Science and Applications, 2022, 13(6), 571-578. 

168


	MCIT2024 166
	MCIT2024 167
	MCIT2024 168
	MCIT2024 169



