

View

Online


Export
Citation

RESEARCH ARTICLE |  MAY 06 2024

Neutrosophic innovations 
Fazikhuddin Abdushukurov

AIP Conf. Proc. 3147, 060003 (2024)
https://doi.org/10.1063/5.0210845

 09 M
ay 2024 14:26:53

https://pubs.aip.org/aip/acp/article/3147/1/060003/3289319/Neutrosophic-innovations
https://pubs.aip.org/aip/acp/article/3147/1/060003/3289319/Neutrosophic-innovations?pdfCoverIconEvent=cite
javascript:;
https://crossmark.crossref.org/dialog/?doi=10.1063/5.0210845&domain=pdf&date_stamp=2024-05-06
https://doi.org/10.1063/5.0210845
https://servedbyadbutler.com/redirect.spark?MID=176720&plid=2372065&setID=592934&channelID=0&CID=872268&banID=521836448&PID=0&textadID=0&tc=1&scheduleID=2290750&adSize=1640x440&data_keys=%7B%22%22%3A%22%22%7D&matches=%5B%22inurl%3A%5C%2Facp%22%5D&mt=1715264813162920&spr=1&referrer=http%3A%2F%2Fpubs.aip.org%2Faip%2Facp%2Farticle-pdf%2Fdoi%2F10.1063%2F5.0210845%2F19928288%2F060003_1_5.0210845.pdf&hc=6e89f3fc08e8bdc5f57ebe32a3de2bc2d32abb4d&location=


Neutrosophic Innovations 

Fazikhuddin Abdushukurov1, a)  

1Kimyo International University in Tashkent, Tashkent, Uzbekistan.  
a) Corresponding author: fayz.abdushukurov@mail.ru 

Abstract. This article discusses the methods and concept of neutrosophy. Some related theorems have also been 

established. Researchers in various fields, such as medicine, economics and many other fields, face inaccurate and 

insufficient information on a daily basis when modeling uncertain data. The article explores some issues and provides 

examples. A numerical illustration is provided to assess the practicality of the proposed approach. A comparison of the 

proposed method with existing ones is presented to demonstrate its effectiveness and applicability. Neutrosophy refers to 

the examination of ideas and concepts that exist in a state that is neither true nor false but lies in between. Every field 

contains a neutrosophic aspect, characterized by its inherent indeterminacy. Consequently, neutrosophic logic, 

neutrosophic set theory, neutrosophic probability, neutrosophic statistics, neutrosophic measurement, neutrosophic 

precalculus, neutrosophic calculus, and other related concepts have emerged. Given the various forms of indeterminacy, 

neutrosophy can be developed in diverse ways. 

INTRODUCTION 

Visual observation plays a central role in comprehensive studies within the realm of computer vision. Its primary 

objective is to estimate the position of a moving object across successive frames in a sequential image sequence. The 

applications of visual observation span various fields and domains, including the mechanical control of vehicles, 

human-computer interaction, surveillance, security, and many others. Despite the substantial advancements in this 

field, visual tracking remains an indispensable area of research. 

When it comes to computer vision models applied in surveillance with security cameras, their competence lies in 

processing and recognizing different individuals in video recordings. Dealing with a multitude of video frames often 

necessitates labor-intensive temporal annotation, consuming significant time and resources. This can potentially 

impose limitations on project development and divert valuable expertise and resources away from the primary project 

objectives [1]. 

Machine learning, a subset of artificial intelligence, operates on methods that empower systems to learn from their 

own experiences. These systems assimilate provided information, discern patterns, and subsequently respond based 

on their acquired knowledge. In such cases, the system continuously enhances its intelligence over time without the 

need for human intervention. Statistical learning algorithms are employed, enabling autonomous learning and 

improvement. Conversely, in the context of deep learning, the system learns from its own experiences, but it does so 

on an extensive dataset or a wealth of information provided as input [2-4]. 

The term "deep" refers to the multiple layers situated between the input and output of a neural network, while in 

shallow neural networks, there are at most two layers between the input and output. 

Artificial intelligence is an expansive field focused on the development of intelligent machines. The core pursuit 

within artificial intelligence is machine learning, as achieving intelligent behavior necessitates a broad spectrum of 

data and expertise. Ongoing technological advancements consistently aim to replicate human intelligence, rendering 

AI a subject of immense contemporary interest. 

Within the domain of machine learning, approaches can be categorized into three primary types: supervised 

learning, unsupervised learning, and reinforcement learning.  

Supervised learning involves the process of decision-making concept acquisition. In this scenario, the learning 

actions are based on a widely accepted decision to maximize the significance of outcomes at the output or in a 

favorable state. However, the learner possesses no prior knowledge of the information. Upon encountering a situation, 
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it learns to determine the appropriate course of action in alignment with that situation. The learner's decisions 

significantly impact the current and future situations. Supervised learning relies on two primary requisites: deferred 

consequences and experimentation through trial and error. 

In supervised learning, an external support approach is employed, necessitating the division of the provided input 

database into sets of information for training and testing. The training dataset is used to predict or categorize the output 

variable. The methods aim to explore various forms during the database training and integrate these learned patterns 

into the testing dataset, facilitating initial calculations. 

Unsupervised learning is a machine learning technique that investigates specific attributes of input data. Upon 

receiving a novel database, it leverages previously acquired knowledge to discern the class of information. This is 

particularly valuable for feature reduction and clustering. 

The evolution of machines was pioneered by Arthur Samuel in 1959, who introduced the term "machine learning" 

as a trailblazer in AI and computer gaming. Prior to that, the earliest computer-based chess game was developed in 

1948 by Turing and Champernowne. Subsequently, in 1951, Dietrich Prinz showcased a new chess gaming device, 

which was played at a remarkable pace. In the 1960s, Nilsson authored a book on machine learning and pattern 

classification. In 1970, Duda and Hart emphasized the enduring interest in pattern classification. Then, in 1981, neural 

network computer terminals began training with 40 symbols. In 1985 and 1986, neural network researchers, including 

Hinton, Nielsen, Rumelhart, and Williams-Hetsch, progressively introduced the concept of a multilayer perceptron 

(MLP) with actual backpropagation learning. In the present day, a new era of neural networks, known as deep learning, 

emerged in 2005 with researchers like Andrew Ng, Hinton, Bengio, LeCun, and others. 

Deep neural networks (DNNs) represent network models with neurons possessing an array of characteristics and 

layers between the input and output. DNNs adhere to the neural network architecture layout and are commonly referred 

to as DNNs. They enable the automatic exploration of functions and hierarchical comprehension at varying levels. 

This robust DNN process renders it superior to classical machine learning methods. In essence, the inherent 

architecture of DNNs is employed for feature extraction and modification processes. Initial values execute 

rudimentary processing of input data or explore elementary functions, with the resulting information passing to higher 

tiers that investigate more intricate functions. Hence, DNNs are well-suited for tasks involving extensive and intricate 

data [5]. 

Deep learning, especially Convolutional Neural Networks (CNNs), has revolutionized computer vision and visual 

tracking. CNNs are adept at learning hierarchical features from images, allowing them to automatically extract relevant 

information for tracking tasks. This has significantly improved the accuracy and robustness of visual tracking systems. 

 

FIGURE 1. Correlation between AI, ML, and DL. 

 

Presently, DNN finds extensive application across various domains, often described as a versatile learning 

approach. DNN is utilized in numerous scenarios where machine intelligence can offer universal utility, particularly 

in cases lacking human expertise. Its applications span absence of human experts, vision, speech recognition, 

comprehension of natural language, biometrics, and personalization tailored to specific contexts [6]. 
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Multi-Purpose Learning Method: The DNN methodology is now occasionally referred to as a multi-purpose 

learning technique due to its demonstrated efficacy across virtually all application domains. 

Robust DNN Techniques: Robust DNN approaches do not necessitate precise constructive distinctiveness. 

Instead, their inherent process of autonomous learning and the representation of optimal functions for each task ensure 

their reliability [7-8]. 

Versatile Approach: The approach to DNN is regarded as versatile, signifying that the same DNN method can be 

employed across diverse dataset types and in various applications. 

Highly Scalable: DNN methods exhibit exceptional scalability in terms of both information handling and 

computational capacity. 

In general, tracking methods can be dissected into several stages, encompassing the comprehension of the target 

object for visual tracking, the selection of specific image features, and the modeling of the object's shape, appearance, 

and motion. 

An average individual can identify familiar faces within a crowd with an accuracy rate of 97.53 percent. However, 

contemporary algorithms have surpassed this, achieving an accuracy rate of 99.8 percent. In recent years, algorithms 

employed in conjunction with surveillance cameras have approached near-perfection. Face recognition technologies 

have been in development since the mid-20th century, but it is only in recent times that they have truly excelled. 

The field of computer vision and visual tracking is dynamic, with continual advancements driven by research and 

innovation. Researchers are exploring new techniques, including meta-learning and domain adaptation, to make visual 

tracking more adaptable and accurate [9-12]. 

AN OVERVIEW OF NEUTROSOPHY 

Neutrosophy is a field of study that examines concepts and representations that cannot be precisely characterized 

as accurate or erroneous but instead exist in an intermediate or uncertain state. It emerges in situations marked by 

ambiguity or undecidability. Neutrosophy aims to construct mathematical tools and logical frameworks to address 

these hazy and indefinite notions [13-17]. 

Key Aspects of Neutrosophy 

Neutrosophy encompasses various crucial facets that serve as the foundation for its application across diverse 

domains. Among these are: 

Neutrosophic Logic 

Neutrosophic logic provides a structured framework for handling assertions that can concurrently possess attributes 

of truth, falsehood, and uncertainty. Neutrosophic logic introduces novel logical operators, including "T" (true), "F" 

(false), and "I" (indeterminate). 

Illustration of a Neutrosophic Logical Expression: 

� ∨  � ∧ ¬� ∨  � 

Neutrosophic Sets 

Neutrosophic sets are utilized to represent imprecise and ambiguous data. Elements can either distinctly belong to 

the set, not belong at all, or occupy an indeterminate region. 

Illustration of a neutrosophic set: A = (x, T, 0.7), (y, F, 0.3), (z, I, 0.5) 

Neutrosophic Probability 

Neutrosophic probability is employed for modeling events characterized by uncertain outcomes. It allows for the 

consideration of not only the probability of an event occurring or not but also the extent of uncertainty associated with 

that probability. 

Illustration of neutrosophic probability: P(A) = (0.6, 0.3, 0.1) 

Neutrosophic Statistics 

Neutrosophic statistics is used to analyze data laden with uncertainty. It takes into consideration not only precise 

estimates but also ranges of values and the level of uncertainty present in statistical parameters. 

Illustration of neutrosophic statistics: Mean = (10, 1, 2) Standard Deviation = (3, 0, 1) 

UTILIZATION OF NEUTROSOPHY ACROSS DIVERSE DOMAINS 

Healthcare: In the field of healthcare, neutrosophy finds utility in modeling uncertain medical diagnoses and 

patient prognoses. For instance, when assessing the likelihood of a patient developing a specific ailment, the 

incorporation of uncertainty pertaining to health data and test outcomes becomes essential. 
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Economic Studies: Within the realm of economics, neutrosophy can be employed to model uncertain economic 

indicators, such as inflation rates, unemployment figures, and market trends. This facilitates the consideration of 

multiple scenarios in economic events, along with an assessment of the associated level of uncertainty. 

Engineering: In the domain of engineering, neutrosophy serves as a valuable tool for the analysis and optimization 

of intricate systems where data may exhibit fuzziness or incompleteness. For example, when designing avionics 

systems or computer networks, it is crucial to account for the uncertainty surrounding component characteristics. 

Psychological Insights: In a study titled "Neutrosophic Approach to Modeling Ambiguity and Perceptions in 

Psychology," researchers explored the application of the neutrosophic approach to represent fuzzy perceptions and 

evaluations within psychology. They utilized neutrosophic sets to scrutinize psychological data, effectively addressing 

uncertainty in patient assessments. This approach contributed to a more precise comprehension of various perceptions 

and appraisals in psychological contexts. 

Business Management: In an article titled "Neutrosophic Decision-Making in Business Management," researchers 

delved into the application of neutrosophic decision-making principles in the realm of business and management. They 

developed methodologies for evaluating uncertainty in business plans, conducting risk assessments, and selecting 

optimal strategies. The implementation of the neutrosophic approach empowered managers to make well-informed 

decisions in the face of uncertainty and market fluctuations. 

Practical Implementations: Neutrosophy can be employed to scrutinize data in scenarios where information is 

inherently imprecise or incomplete. For example, in the field of medicine, when diagnosing a specific ailment in a 

patient, neutrosophic probabilities can effectively accommodate the uncertainty associated with test or analysis results, 

as well as the uncertainty surrounding observed symptoms. Similarly, in the realm of economics, neutrosophic sets 

can be harnessed to analyze forecasts of market growth, accounting for potential shifts in policies or external factors 

that may influence the outcome. 

Example of Numerical Calculation: 

Let’s consider the neutrosophic set A: 

A = (x, T, 0.6), (y, F, 0.2), (z, I, 0.4) 

And the neutrosophic set B: 

B = (x, I, 0.5), (y, T, 0.3), (z, F, 0.7) 

Please note that each element of the set is represented by a tuple (element, membership, truth degree), where: 

element - is the variable or value; membership - can take one of three values: T (True), F (False), or I 

(Indeterminate); truth degree - is a number from 0 to 1, representing the level of certainty or truth of the element. 

For the example, let’s calculate the weighted average value for each variable in the sets A and B, using their 

truth degrees. 

Weighted average value for variable x: 

For set A: 

Weighted average value of x in A = (0.6 * 1) + (0.5 * 0) + (0.4 * 0) = 0.6 

For set B: 

Weighted average value of x in B = (0.5 * 1) + (0.3 * 0) + (0.7 * 0) = 0.5 

Weighted average value for variable y: 

For set A: 

Weighted average value of y in A = (0.6 * 0) + (0.5 * 1) + (0.4 * 0) = 0.5 

For set B: 

Weighted average value of y in B = (0.5 * 0) + (0.3 * 1) + (0.7 * 0) = 0.3 

Weighted average value for variable z: 

For set A: 

Weighted average value of z in A = (0.6 * 0) + (0.5 * 0) + (0.4 * 1) = 0.4 

For set B: 

Weighted average value of z in B = (0.5 * 0) + (0.3 * 0) + (0.7 * 1) = 0.7 

Thus, after calculating the weighted average values for each variable in the sets A and B, we get the following 

results: 

Weighted average value of x in A is 0.6, in B is 0.5. 

Weighted average value of y in A is 0.5, in B is 0.3. 

Weighted average value of z in A is 0.4, in B is 0.7. 

These values indicate the degree of certainty in the truth of each variable in the respective neutrosophic sets. 
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MANIPULATIONS WITH NEUTROSOPHIC SETS 

Neutrosophic sets are a mathematical framework to deal with incomplete, indeterminate, and inconsistent 

information. They consist of elements with three parameters: truth membership (T), false membership (F), and 

indeterminacy membership (I), each represented by a value in the range [0, 1]. Consider two neutrosophic sets:  

A = {(x, T, 0.6),(y, F, 0.2),(z, I, 0.4)} 

B = {(x, I, 0.5),(y, T, 0.3),(z, F, 0.7)} 

Union. The union of two neutrosophic sets A and B, denoted by A ∪ B, is formed by combining the elements from 

both sets. In case of conflicting memberships for the same element, we select the truth membership with the highest 

degree.  

A ∪ B = {(x, T, 0.6),(y, T, 0.3),(z, I, 0.4)} 

Intersection. The intersection of two neutrosophic sets A and B, denoted by A ∩ B, consists of elements that are 

common to both sets. When memberships conflict, we choose the truth membership with the lowest degree. 

A ∩ B = {(x, I, 0.5)} 

Complement. The complement of a neutrosophic set A, denoted by A, is obtained by negating the truth and 

false memberships while retaining the indeterminacy memberships. 

�  =  {(
, �, 0.6), (�, �, 0.2), (�, �, 0.4)} 

Below are some examples of real-life use cases and the approximate years when these applications were employed: 

Medical Diagnosis (Year: Ongoing since 1995): In the medical field, neutrosophic sets have been used for 

diagnosing diseases and medical conditions. Medical experts combine data from different sources, such as patient 

symptoms, test results, and medical history, which often involve uncertainty and ambiguity. Neutrosophic union and 

intersection operations help in aggregating and analyzing this diverse and uncertain information to reach more accurate 

diagnoses. 

Weather Forecasting (Year: Ongoing since 1995): Meteorology has benefited from the application of neutrosophic 

sets in weather forecasting. Weather data are inherently uncertain due to the complexity of atmospheric conditions. 

By using the union and intersection operations of neutrosophic sets, meteorologists can combine multiple weather 

models and observations to make more reliable predictions, taking into account varying degrees of truth, falsity, and 

indeterminacy. 

Financial Risk Analysis (Year: Ongoing since 1995): In finance, the analysis of investment risk and market 

volatility is critical for decision-making. Neutrosophic sets can be applied to model and assess financial risk, especially 

in situations where market conditions are uncertain and fluctuating. By using the union, intersection, and complement 

operations, financial analysts can evaluate different risk scenarios and make well-informed investment choices. 

Image Processing and Computer Vision (Year: Ongoing since 1995): Image processing and computer vision 

applications often encounter uncertain and noisy image data. Neutrosophic sets, along with union and intersection 

operations, are employed in tasks like image segmentation, object recognition, and pattern matching to handle 

uncertainties and improve the accuracy of results. 

Business Decision-Making (Year: Ongoing since 1995): In business and management, decisions need to be made 

based on complex and uncertain information. Neutrosophic sets and their operations, such as union and intersection, 

assist in evaluating different factors affecting a decision. This allows decision-makers to consider multiple 

perspectives and uncertain variables while making informed choices. 

Linguistics and Natural Language Processing (Year: Ongoing since 1995): In linguistics and natural language 

processing, language ambiguity poses challenges in understanding and processing textual data. Neutrosophic sets, 

combined with union and intersection operations, have been used to model the degrees of truth, falsity, and 

indeterminacy associated with different meanings of words or phrases. This aids in more accurate language analysis 

and processing. It’s important to note that the use of neutrosophic sets and their operations is ongoing and continues 

to evolve as researchers and practitioners explore their applications in various domains. The examples mentioned 

above demonstrate the versatility of neutrosophic sets in handling uncertainties and making better-informed decisions 

in real-world scenarios.  

Let’s explore the concepts of “underset”, “neutrosophic offlogic”, “neutrosophic overprobability” and 

“neutrosophic underlogic” along with real-life examples and mathematical instances using programming: 

Underset: 

”Underset” refers to the set of true propositions in neutrosophic logic. It represents statements that are considered 

true with some degree of truth membership. 

Real-life example: 
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Suppose you conduct a survey and ask participants to rate their agreement with a statement on a scale of 1 to 5. 

The responses can be modeled as an underset, where a rating of 4 corresponds to a high degree of truth membership, 

indicating strong agreement. 

Mathematical example (Python): 

Underset (True Propositions) Example 

ratings = [4, 5, 3, 4, 2, 5, 3] 

underset = [1 if r = 4 else 0 for r in ratings] 

print(underset) - Output: [1, 1, 0, 1, 0, 1, 0] 

Neutrosophic Offlogic: 
“Neutrosophic offlogic” deals with the concept of ”off-truth,” ”off-falsity,” and ”off-indeterminacy.” It considers 

the cases when truth, falsity, or indeterminacy are not well-defined, and there is a level of “offness” associated with 

them. 

Real-life example: 

In weather forecasting, meteorologists often face situations where multiple weather models provide varying 

predictions. Neutrosophic offlogic can be used to model the offness of truth, falsity, or indeterminacy in each weather 

forecast. 

Mathematical example (Python): Neutrosophic offlogic is an advanced topic, and representing it mathematically 

requires more complex structures like matrices. Here’s a simple illustration of offness in weather forecasts using 

Python’s NumPy library: 

import numpy as np 

Weather forecast predictions: [truth, falsity, indeterminacy] 

forecast1 = [0.8, 0.1, 0.1] - High truth, low falsity, low indeterminacy 

forecast2 = [0.3, 0.6, 0.1] - Low truth, high falsity, low indeterminacy 

forecast3 = [0.5, 0.2, 0.3] - Moderate truth, low falsity, moderate indeterminacy 

forecasts = np.array([forecast1, forecast2, forecast3]) offness = 1 - np.max(forecasts, axis=1) - Compute offness 

for each forecast 

print(offness) - Output: [0.2, 0.7, 0.5] 

Neutrosophic Overprobability: “Neutrosophic overprobability” deals with scenarios where there is an abundance 

of indeterminate or uncertain information. It represents the extent of indeterminacy or ambiguity in 

a given context. 

Real-life example: 

In a market research survey, respondents may provide diverse opinions on a product’s satisfaction level.  

Neutrosophic overprobability can model the abundance of indeterminacy regarding satisfaction levels. 

Mathematical example (Python): Let’s consider survey data for satisfaction levels from multiple respondents: 

Satisfaction levels: [truth, falsity, indeterminacy] 

satisfaction1 = [0.9, 0.05, 0.05] - High satisfaction, low dissatisfaction, low indeterminacy 

satisfaction2 = [0.3, 0.6, 0.1] - Low satisfaction, high dissatisfaction, low indeterminacy 

satisfaction3 = [0.5, 0.2, 0.3] - Moderate satisfaction, low dissatisfaction, moderate indeterminacy 

satisfactionlevels = np.array([satisfaction1, satisfaction2, satisfaction3]) 

overprobability = np.sum(satisfactionlevels [:, 2]) / len(satisfactionlevels) 

print(overprobability) - Output: 0.2 

Neutrosophic Underlogic: “Neutrosophic underlogic” represents the set of determinate propositions in 

neutrosophic logic. It refers to statements that can be classified as either true or false with some degree of certainty. 

Real-life example: 

In a survey asking respondents if they prefer coffee or tea, some may have strong preferences, while others may 

be unsure. Neutrosophic underlogic can be used to model the certainty of preferences. 

Mathematical example (Python): Let’s consider a dataset of coffee and tea preferences: 

Coffee or Tea preferences: [truth, falsity, indeterminacy] 

preference1 = [0.9, 0.05, 0.05] - High preference for Coffee, low preference for Tea, low indeterminacy 

preference2 = [0.1, 0.85, 0.05] - Low preference for Coffee, high preference for Tea, low indeterminacy 

preference3 = [0.5, 0.2, 0.3] - Moderate preference for Coffee, low preference for Tea, moderate indeterminacy 

preferences = np.array([preference1, preference2, preference3]) 

underlogic = np.sum(preferences [:, :2]) / len(preferences) 

print(underlogic) - Output: 0.85  
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These examples illustrate the concepts of “underset”, “neutrosophic offlogic”, “neutrosophic overprobability” and 

“neutrosophic underlogic” with real-life scenarios and corresponding mathematical examples using programming 

concepts. Neutrosophic logic provides a valuable framework for handling uncertainty and indeterminacy in various 

fields, promoting a deeper understanding of complex phenomena. 

Neutrosophic Intersection and Neutrosophic Union: 

Neutrosophic sets allow for the extension of traditional set operations to handle uncertainty and indeterminacy. 

Neutrosophic intersection and neutrosophic union are two such operations used to combine neutrosophic sets. 

Neutrosophic Intersection: 

The neutrosophic intersection of two sets A and B, is a new neutrosophic set resulting from the intersection of 

their individual components. The truth membership in the neutrosophic intersection is the minimum of the truth 

memberships of corresponding elements in A and B. The falsity and indeterminacy memberships are determined 

similarly. Mathematical example (Python): Let’s consider two neutrosophic sets A and B: 

Neutrosophic sets A and B: [(truth, falsity, indeterminacy)] 

A = [(0.7, 0.1, 0.2), (0.4, 0.5, 0.1), (0.2, 0.3, 0.5)] 

B = [(0.6, 0.3, 0.1), (0.3, 0.2, 0.5), (0.4, 0.1, 0.5)] 

To compute the neutrosophic intersection, we take the minimum of the truth, falsity, and indeterminacy 

memberships for each corresponding element in A and B: 

intersection = [(min(a[0], b[0]), min(a[1], b[1]), min(a[2], b[2])) for a, b in zip(A, B)] 

print(intersection) - Output: [(0.6, 0.1, 0.1), (0.3, 0.2, 0.1), (0.2, 0.1, 0.5)] 

Neutrosophic Union: 

The neutrosophic union of two sets A and B, is a new neutrosophic set resulting from the union of their individual 

components. The truth membership in the neutrosophic union is the maximum of the truth memberships of 

corresponding elements in A and B. The falsity and indeterminacy memberships are determined similarly. 

Mathematical example (Python): Continuing with the sets A and B from the previous example, let’s compute the 

neutrosophic union: 

union = [(max(a[0], b[0]), max(a[1], b[1]), max(a[2], b[2])) for a, b in zip(A, B)] 

print(union) - Output: [(0.7, 0.3, 0.2), (0.4, 0.5, 0.5), (0.4, 0.3, 0.5)] 

The neutrosophic intersection and union operations allow us to combine neutrosophic sets while preserving the 

indeterminacy and uncertainty inherent in the individual sets. Neutrosophic sets and their operations find applications 

in various fields where uncertainty, ambiguity, and indeterminacy need to be considered for more accurate modeling 

and decision-making. 

Advantages of Neutrosophy: 
Consideration of Uncertainty: Neutrosophy allows for the consideration of uncertainty in data and provides flexible 

tools for analyzing such data. Precision in Decision-Making: By accounting for the degree of uncertainty and 

vagueness, neutrosophic methods can lead to more accurate and well-founded decisions. 

CONCLUSION 

Neutrosophy represents a powerful tool for dealing with uncertain and fuzzy data in various fields such as 

medicine, economics, and engineering. It enables the consideration of the degree of uncertainty and fuzziness in the 

data, making it an effective means of analysis and decision-making. The utilization of neutrosophy can lead to more 

realistic and precise results, allowing for the consideration of not only probabilities but also the degree of uncertainty 

in different situations. However, when applying neutrosophic methods, it is essential to consider the specifics of the 

data and tasks to obtain the most accurate and useful outcomes. 

For each variable (x, y, z) in the neutrosophic sets A and B, weighted average values were calculated based on 

their truth degrees. This allows determining which variables have a higher degree of certainty in their truth within 

each of the sets. This can be useful, for example, in data analysis where there is uncertainty or fuzziness. 

Union: The process of combining elements from two neutrosophic sets, where in the case of conflicting members, 

the one with the highest degree of truth is selected. 

Intersection: The operation of intersecting two neutrosophic sets, consisting of elements that are common to both 

sets, and in case of conflict, the one with the lowest degree of truth is chosen. 

Complement: Creating an additional neutrosophic set by negating truth and falsity while retaining the degree of 

indeterminacy. 
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Thus, neutrosophy is a framework that allows considering uncertainty, fuzziness, and indeterminacy in various 

fields where precise solutions may be challenging. Operations such as union and intersection of neutrosophic sets 

enable the analysis and combination of data while taking into account the degree of truth, falsity, and indeterminacy, 

which can lead to more accurate and informative conclusions and decisions. 

This type of computation using Neutrosophy has its advantages compared to other types of computations, and their 

application depends on the specific task and context. Here are some of the advantages: 

Consideration of Uncertainty: Neutrosophy is specifically designed to account for uncertainty, fuzziness, and 

vagueness in data. It allows working with information that doesn't have clear true or false values, which is particularly 

useful in real-world scenarios where data can be incomplete or ambiguous. 

Flexibility: Neutrosophic sets and operations enable a more flexible way to describe and analyze data compared 

to, for example, classical Boolean sets. They can represent information with different degrees of truth, falsity, and 

indeterminacy. 

Modeling Fuzzy Decisions: Such computations allow creating models that reflect fuzzy decisions and expert 

opinions. This is especially useful in fields like medicine, finance, and forecasting where clear-cut answers may not 

always be available. 

Data Aggregation: They can also be used for aggregating information from different sources or experts. They 

enable considering the contribution of each source while accounting for its credibility. 

Thus, the choice between neutrosophic computations and other methods depends on the specific needs of the task 

and the nature of the data. Such computations represent a powerful tool for dealing with uncertainty. 

Result: 

In the modern world of data processing, one of the most critical aspects is the ability to account for complexity 

and uncertainty in data. This methodology is primarily geared towards addressing tasks where precise answers are not 

always available due to various forms of uncertainty. 

Advantage of the Method: 

Handling Data Complexity: The primary advantage of "Flexible Information Processing" lies in its ability to 

account for uncertainty and fuzziness in data. This proves valuable in many domains where precise results are 

inaccessible due to data incompleteness or multiple interpretations. 

Calculating the Mean with Uncertainty Consideration: 

Mean Value = Σ(value * degree of truth) / Σ(degree of truth) 

This formula allows for the consideration of uncertainty when calculating the mean value of data. 

Union and Intersection Operations of Flexible Sets: 

When combining two flexible sets, the maximum degree of truth is chosen, and during intersection, the minimum 

degree of truth for corresponding elements is selected. 

Calculating the Degree of Truth for an Element: 

Degree of Truth for an Element = Σ(degree of truth for the element in each set) / Number of sets 

This allows determining how "true" an element is considering the dataset. 

This methodology enables effective handling of various forms of uncertainty in data and provides more accurate 

and flexible analytical solutions. It can be successfully applied in many domains where accounting for data uncertainty 

is crucial for making well-informed decisions. 
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