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Abstract :-In the evolving landscape of Big Data Prediction, where multimodal approaches are increasingly crucial for reliable user
authentication, this research presents a comprehensive study. The primary focus is on the construction and performance evaluation of a robust
big data prediction model within a cloud computing environment. The advent of big data and cloud computing has revolutionized the field of
Big Data Prediction, offering immense potential for advanced data analysis and prediction. This research presents the development and
evaluation of a robust prediction model for multimodal Data in cloud computing environment applications. The proposed model incorporation
of Reliable Discrete Variable Topology (RDVT) into the prediction model. RDVT introduces a topological data structure that enhances data
reliability and ensures the integrity of multimodal biometric information. The construction and training of the prediction model are
meticulously detailed, encompassing data preprocessing, feature extraction, clustering, classification, and model evaluation. Additionally, the
integration of a fuzzy clustering algorithm enhances the model's ability to handle uncertainty and imprecision in Data. The advancement of
multimodal biometrics in the cloud computing environment field by introducing the Reliable Discrete Variable Topology (RDVT) and a big
data prediction model based on a fuzzy clustering algorithm in a cloud computing environment. The model's performance is rigorously assessed
through extensive experimentation, including accuracy, precision, recall, and F1-score measurements.

Keywords:- Multimodal biometrics, big data prediction model, Fuzzy clustering algorithm, Big Data Prediction, Biometric
modalities, User authentication.

I. INTRODUCTION

Big Data Prediction encompasses the utilization of unique physiological or behavioral characteristics for
authentication within the cloud computing environment [1]. This innovative field embraces a variety of cloud
resources for the all of which offer distinct advantages for prediction identification and access control [2]. In
practical applications, Big Data Prediction plays a pivotal role in enhancing prediction safety through accurate
identification, securing electronic health records, controlling access to sensitive big data prediction areas, and
facilitating medication dispensing. Moreover, it extends its utility to remote prediction monitoring and the
development of cloud environment that continuously track vital signs [3]. However, these advancements come
with challenges, notably in the privacy, as the collection and storage of Data necessitate stringent safeguards to
protect sensitive prediction information and ensure ethical practices within the big data prediction industry [4].
Physiological biometrics include features of the human body that are relatively stable over time, such as
fingerprints, iris patterns, palm vein patterns, and facial characteristics. Fingerprint recognition, for example,
involves capturing the unique ridge and valley patterns on an individual's fingertip, which remain constant
throughout their life [5]. Similarly, iris biometrics examines the intricate patterns within the colored part of the
eye (the iris), and palm vein biometrics analyzes the distinctive vein patterns in an individual's palm. These
physiological biometrics are highly accurate and reliable, making them suitable for applications like prediction
identification and access control in big data prediction settings [6]. Behavioral biometrics, on the other hand, rely
on the way individuals behave or interact with systems [7]. Voice recognition, for instance, assesses vocal
characteristics, including pitch, tone, and speech patterns. It can be used for prediction verification and remote
authentication, especially in telemedicine or virtual big data prediction consultations [8]. Another emerging
behavioral biometric is heartbeat analysis, which measures an individual's cardiac rhythm and patterns, often used
for continuous authentication and monitoring in wearable big data prediction devices.

In the landscape of Big Data Prediction, the big data and cloud computing plays a transformative role [9].
Cloud computing offers scalable and cost-effective data storage, accommodating the immense volume of bio-
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metric and medical data generated. Concurrently, big data analytics, fueled by cloud resources, empowers big data
prediction practitioners and researchers to glean actionable insights from this wealth of information. This
facilitates real-time prediction monitoring, precise diagnosis, and tailored treatments [10]. Additionally, cloud-
based biometric authentication ensures secure remote prediction verification during telemedicine, providing
access to electronic health records while upholding stringent privacy measures [11]. The seamless integration of
disparate big data prediction data sources promotes personalized medicine and interoperability, while robust
security measures and cost efficiencies enhance trust and innovation in the field. This collaborative approach
advances Big Data Prediction, ultimately improving prediction care and driving big data prediction research and
development. In the landscape of Big Data Prediction, the collaboration between big data and cloud computing
forms a foundational cornerstone of innovation and progress [12]. Cloud computing offers an invaluable
infrastructure for the storage, processing, and secure management of the vast and dynamic volumes of biometric
and big data prediction data generated daily [13]. This scalability ensures that big data prediction providers can
seamlessly store and access prediction information while reducing the complexities of traditional data
management. Concurrently, big data analytics, empowered by the computational resources of the cloud, enables
big data prediction professionals and researchers to unlock profound insights from this wealth of information [14].
These insights drive advancements in prediction care, allowing for real-time monitoring, accurate diagnoses, and
personalized treatments. Furthermore, cloud-based biometric authentication facilitates secure remote interactions,
from telemedicine consultations to electronic health record access, ensuring prediction privacy is upheld [15]. The
integration of diverse big data prediction data sources promotes interoperability and fuels discoveries in
personalized medicine. Robust security measures, cost-efficiency, and collaborative potential collectively enhance
the landscape of Big Data Prediction, ultimately benefiting prediction well-being and the evolution of big data
prediction practices.

The paper makes a significant contribution to the field of classification methods and their application,
particularly in the context of Big Data Prediction. Its primary contribution is the introduction and thorough
analysis of the Reliable Discrete Variable Topology (RDVT). RDVT emerges as a novel and powerful approach
for classification tasks, consistently demonstrating high accuracy, precision, recall, and F1-scores across multiple
runs. This consistency underscores its robustness, making it a reliable tool for a wide range of classification
challenges. Importantly, the paper extends RDVT's applicability to the critical domain of Big Data Prediction,
where accuracy and reliability in user authentication and identification are paramount. The balanced performance
achieved by RDVT, striking a harmonious equilibrium between precision and recall, further enhances its utility
in real-world applications. Additionally, the paper acknowledges the versatility of RDVT, hinting at its potential
adoption in diverse domains beyond biometrics. Furthermore, the paper offers practical recommendations for
future research, advocating for continued exploration of RDVT's performance in different datasets and problem
domains. Overall, this paper's contribution lies in the introduction of RDVT as a dependable classification
topology with broad implications for domains where accurate and consistent classifications are essential.

Il. RELATED WORKS

The integration of big data and cloud computing in the field of Big Data Prediction is transformative. Cloud
computing offers scalable, cost-effective data storage and processing, accommodating the vast and dynamic
biometric and big data prediction data generated daily. Big data analytics, empowered by cloud resources, yields
profound insights for real-time monitoring, precise diagnoses, and personalized treatments. Cloud-based
biometric authentication ensures secure remote prediction interactions and access to big data prediction records.
This integration fosters interoperability and fuels advancements in personalized medicine while upholding robust
security measures and cost-efficiency. Collectively, these technologies enhance big data prediction practices,
benefiting prediction care and the evolution of the Big Data Prediction landscape. Yang et al. (2021) explored the
significant role of big data and artificial intelligence in the big data prediction sector. It likely discusses how the
integration of big data analytics and Al technologies can lead to more accurate diagnostics, personalized
treatments, and improved prediction outcomes. Additionally, it may touch upon the challenges and ethical
considerations associated with the use of these technologies in big data prediction. Rahimi et al. (2022) presented
comprehensive literature review focuses on cloud big data prediction services. It may discuss various aspects,
such as the adoption of cloud technologies in big data prediction organizations, the benefits of cloud-based health
information systems, and potential challenges like data security and compliance with big data prediction
regulations.
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Chen et al. (2021) conducted a bibliometric analysis of smart learning. It likely identifies the key trends,
research areas, and emerging topics within the field of smart learning. This analysis may shed light on the
evolution of educational technology and its applications in higher education. Ren (2023) focused on the
optimization of resource allocation in colleges and universities based on cloud computing and user privacy
security is a critical issue in higher education. This paper could discuss strategies and methodologies for efficiently
managing educational resources while safeguarding user privacy and data security within a cloud-based
framework. Adewole et al. (2021) presented the development of a cloud-based Internet of Medical Things (IoMT)
framework for cardiovascular disease prediction and diagnosis highlights the growing importance of 10T and
cloud technologies in big data prediction. This paper likely discusses how this framework can enhance early
detection and management of cardiovascular diseases through data analytics and remote monitoring. Gaonkar et
al. (2021) reviewed on multimodal data representation and information fusion algorithms likely explores the state
of the art in combining various data sources, such as images, text, and sensors, and how these techniques are
applied in fields like computer vision, big data prediction, and multimedia analysis.

Ariza-Colpas et al. (2022) focused on human activity recognition data analysis reflects its relevance in
wearable technology and big data prediction monitoring. It may delve into the methodologies and applications of
human activity recognition, providing insights into its evolution and emerging trends. Yin (2023) examined crime
prediction methods based on machine learning is crucial in the context of public safety and law enforcement. It
likely discusses various machine learning techniques applied to crime prediction, their effectiveness, and the
challenges associated with such predictive models. Egger et al. (2022) conducted a systematic meta-review of
medical deep learning to summarize the state of the art in the application of deep learning techniques in medicine.
It may highlight key findings, advancements, and areas where deep learning is particularly impactful, such as
medical imaging and disease diagnosis.

Bharadwaj et al. (2021) evaluated the role of machine learning in enabling loT-based big data prediction
applications. It may discuss the synergies between 10T devices and machine learning algorithms for remote
prediction monitoring, disease prediction, and big data prediction optimization. Mijwil et al. (2023) examined
machine learning and deep learning techniques in cybersecurity likely delves into various approaches and
methodologies for leveraging Al to enhance cybersecurity measures. It may discuss the evolving threat landscape
and how machine learning can help detect and mitigate cyber threats. Yu and Zhou (2021) focused on the
optimization of loT-based artificial intelligence-assisted telemedicine health analysis systems is critical in the
context of remote big data prediction delivery. This paper may explore the design and implementation of such
systems, their benefits in improving big data prediction access, and the challenges associated with their
deployment.

In education, the focus is on smart learning, resource allocation optimization in educational institutions using
cloud computing, and the evolving landscape of educational technology. These papers underscore the importance
of data-driven approaches and the need to harness cloud resources for efficient resource management.
Cybersecurity and crime prediction are addressed through surveys on machine learning and deep learning
techniques, shedding light on the evolving threat landscape and the role of Al in enhancing cybersecurity
measures. these papers collectively highlight the transformative potential of technology and data-driven
approaches in various domains, demonstrating the critical role these technologies play in shaping our future across
a range of industries and applications.

I1l. BIG DATA RELIABLE DISCRETE VARIABLE TOPOLOGY

The primary objective of this study is to construct and rigorously evaluate a robust big data prediction model,
particularly within the dynamic context of cloud computing. The advent of big data and cloud computing
technologies has sparked a transformative shift in the field of Big Data Prediction, offering vast potential for
advanced data analysis and predictive capabilities. This research serves as a comprehensive exploration of the
development and evaluation of a prediction model tailored for multimodal Data, specifically applied within cloud
computing environment applications. A notable innovation introduced here is the integration of the Reliable
Discrete Variable Topology (RDVT) concept into the prediction model. RDVT introduces a novel topological
data structure that plays a pivotal role in enhancing the reliability and safeguarding the integrity of multimodal
biometric information. The construction and training of this prediction model are meticulously detailed, covering
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crucial phases such as data preprocessing, feature extraction, clustering, classification, and extensive model
evaluation. These steps are vital in ensuring the model's accuracy, robustness, and overall performance.

Furthermore, the research incorporates a fuzzy clustering algorithm into the model, which significantly
bolsters its capability to handle uncertainty and imprecision inherent in Data. This is particularly crucial in Big
Data Prediction, where data can often exhibit variations and nuances that require specialized handling. The
ultimate goal of this research is to advance the multimodal biometrics in the cloud computing environment field.
By introducing RDVT and integrating a big data prediction model enhanced by a fuzzy clustering algorithm, the
study aims to improve the reliability, accuracy, and overall effectiveness of Data analysis within big data
prediction and related domains. To ascertain the model's performance rigorously, the research employs a
comprehensive array of experiments, assessing critical metrics such as accuracy, precision, recall, and F1-score.
These assessments provide a holistic understanding of the model's capabilities and its potential real-world
applications, further solidifying its significance in the evolving landscape of Big Data Prediction. A discrete
variable topology, within the of mathematics and topology, is a specialized approach to defining a topology on a
set of distinct and unrelated points. Unlike traditional topologies that consider notions of proximity and continuity,
the discrete variable topology takes a distinct perspective. In this topology, every subset of the set of points is
deemed an open set. This means that individual points, finite sets of points, and the entire set itself all qualify as
open sets. As a result, it is often referred to as the "discrete topology." This topology offers a level of granularity
where each point is treated independently, and there is no imposed concept of continuity between these points. It
is particularly valuable in scenarios where data points are isolated and lack any inherent connection or proximity,
making it a suitable choice for modelling and analysis in such discrete and unrelated contexts as shown in Figure
1.
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Figure 1: The system of the multimodal features

In mathematics and topology, a "Discrete Variable Topology" refers to a specific way of defining a topology
on a set of distinct and unrelated points. Unlike traditional topologies that consider notions of proximity and
continuity, the discrete variable topology takes a distinct perspective. In this topology, every subset of the set of
points is deemed an open set. This means that individual points, finite sets of points, and the entire set itself all
qualify as open sets. As a result, it is often referred to as the "discrete topology.” This topology offers a level of
granularity where each point is treated independently, and there is no imposed concept of continuity between these
points. It is particularly valuable in scenarios where data points are isolated and lack any inherent connection or
proximity, making it a suitable choice for modeling and analysis in such discrete and unrelated contexts.

In terms of equations, the defining equation for the discrete variable topology is as follows in equation (1):
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T represents the topology in the discrete variable topology. A represents any subset of the set X € A € X means
that A is a subset of X. In the discrete variable topology, the intersection of any finite number of open sets is also
an open set. This property ensures that the intersection of subsets in the topology remains in the topology.
Mathematically, for any open sets A and B in the discrete variable topology, their intersection ANB is also an
open set computed with equation (2)

ABet=ANBET 2

This property extends to intersections of more than two open sets. The union of any number of open sets in the
discrete variable topology is an open set. This property ensures that the union of subsets in the topology remains
in the topology. For any collection of open sets Ai (where i is an index from some index set), their union Ai is
also an open set presented in equation (3):

Aiet= Udier 3)

Given that every subset is an open set in the discrete variable topology, the complement of an open set is also
open. In other words, if A is an open set, then its complement X \ A is also an open set represented in equation

4)
AeT=X\A€rT 4)

Conversely, the closed sets in the discrete variable topology are the complements of the open sets. If A
is a closed set, then X \ A is an open set. In this topology, every point in a subset is an interior point, and every
point outside the subset is a boundary point. There are no limit points.

Algorithm 1: Reliable Discrete Variable Topology
function isDiscreteVariableTopology(subsets):
for each subset A in subsets:
if A is not a subset of the universal set X:
return false
for each subset A in subsets:
for each subset B in subsets:
if not (A N B) is in subsets:
return false
for each subset A in subsets:
if not (A U B) is in subsets:
return false
return true

The subsets represent the collection of subsets to check for forming a discrete variable topology. The
first loop checks if every subset in subsets is indeed a subset of the universal set X. The second loop checks if the
intersection of any two subsets in subsets is also in subsets. The third loop checks if the union of any two subsets
in subsets is also in subsets. If all these conditions are met for the given collection of subsets, then it satisfies the
properties of the discrete variable topology, and the function returns true. Otherwise, it returns false.

IV. RDVT WITH THE FUZZY CLUSTERING

DVT, atopological data structure, is designed to enhance data reliability and maintain the integrity of multimodal
biometric information by treating individual data points as discrete and unrelated entities. On the other hand, fuzzy
clustering is a clustering algorithm that allows data points to belong to multiple clusters with varying degrees of
membership, accommodating data uncertainty. The combination of RDVT and fuzzy clustering can be envisioned
as a two-step process. First, RDVT may be employed to preprocess or represent the data, ensuring that it is
organized in a way that preserves its reliability and structural integrity. This preprocessing step can be particularly
beneficial in scenarios involving complex multimodal Data. Second, fuzzy clustering, known for its ability to
handle uncertainty, can then be applied to the preprocessed data. Fuzzy clustering assigns membership values to
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data points, enabling them to be part of multiple clusters simultaneously based on their similarity to various cluster
centers.

The integrated RDVT and fuzzy clustering holds promise in addressing challenges related to data reliability
and uncertainty, especially in contexts such as multimodal biometrics. By integrating RDVT's data structuring
capabilities with the flexibility of fuzzy clustering, this approach aims to improve the accuracy and robustness of
data analysis and clustering outcomes. Ultimately, it offers a pathway to extract meaningful insights from complex
and uncertain datasets while maintaining data integrity. RDVT process is a specialized approach to data
representation aimed at enhancing data reliability and maintaining information integrity, especially in situations
where data points are discrete and unrelated. The process commences with the collection of discrete data points,
which may originate from various sources such as sensors or observations. Preprocessing, if necessary, ensures
the data is prepared for RDVT representation. RDVT's core involves individually mapping each data point to its
unique topological entity, constructing a topological structure that accommodates these isolated data points. Open
sets, representing neighborhoods around each data point, are established, typically encompassing the data point
itself. RDVT is characterized by its fine granularity, treating each data point independently without assuming
inherent relationships. This fine-grained approach facilitates accurate data analysis and various operations, all
while preserving the integrity of individual data points. RDVT's isolation of data points minimizes the risk of data
misinterpretation or corruption, making it valuable in scenarios where data points lack natural continuity or
connections. Let's assume a set of discrete data points represented by X = {x1,x2,x3, ...,xn}. In the RDVT
process, each data point xi is mapped to its own topological entity, typically represented as an open set Ui. This
mapping can be represented as in equation (5)

Ui = {xi} (5)

In above equation (5) Ui represents the topological entity associated with data point xi. {xi} is a singleton set
containing only xi, indicating that the topological entity Ui consists solely of xi. RDVT is a data representation
approach that treats each discrete data point as an isolated and independent entity within a topological structure.
This process is particularly valuable when dealing with data points that lack inherent continuity or relationships.
The process begins with the collection of discrete data points. These data points can represent various entities or
measurements and are often unrelated to each other. Consider a simple example using numerical data give in
equation (6)

X ={3,7,1,9,4} (6)

In RDVT, each data point is individually mapped to its own topological entity or open set. This mapping ensures
that each data point is treated as a separate entity without any assumed connections as follows

U1 = {3}

2 = {7}U2 = {7}
3 = {1}U3 = {1}
4 = {9}U4 = {9}
5 = {4}U5 = {4}

Here, U1 represents the topological entity for the data point 3, U2 for 7, and so on. The topological structure is
constructed by considering these individual mappings. In RDVT, open sets correspond to these topological
entities. For example, the open set U1 contains only the data point 3. RDVT maintains certain properties:

e Every data point has its own open set.

e  Open sets can be combined, but there is no inherent notion of proximity or continuity between data points
unless explicitly defined.

e The granularity of RDVT is very fine, as each data point is treated as an isolated entity.

Once the data is represented using RDVT, various data analysis tasks can be performed, such as clustering,
classification, or similarity measurements. The isolation of data points allows for precise analysis without
imposing any assumptions about data relationships. RDVT's primary goal is to maintain data integrity and
reliability. By isolating each data point in its own topological entity, RDVT reduces the risk of data
misinterpretation or corruption during analysis.
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Table 1: Multimodal Biometric Fuzzy Rules with RDVT

Rule Antecedent (Input Conditions) Consequent (Output)

If Data is Low Quality and Cloud Resources are Limited and Clustering Result is | Predicted  Outcome s
Uncertain Unreliable

If Data is Moderate Quality and Cloud Resources are Moderate and Clustering | Predicted  Outcome s
Result is Certain Reliable

If Data is High Quality and Cloud Resources are Abundant and Clustering Result | Predicted ~ Outcome is
is Certain Reliable

If Data is Low Quality and Cloud Resources are Abundant and Clustering Result | Predicted  Outcome s
is Certain Reliable

If Data is of Moderate Quality and Cloud Resources are Limited and the Clustering | Predicted  Outcome s
Result is Uncertain Unreliable

Each row represents a single fuzzy rule given in table 1 represents the antecedent (input conditions) column
specifies conditions based on linguistic variables, such as "Data Quality,” "Cloud Resource Availability,” and
"Clustering Result Certainty." The consequent (output) column indicates the predicted outcome, which can be
categorized as either "Reliable™ or "Unreliable™ based on the input conditions. The application of fuzzy rules in
constructing and evaluating a big data prediction model for multimodal biometrics in the cloud computing
environment field within a cloud computing environment involves a systematic and knowledge-driven approach.
To begin, linguistic variables representing key aspects such as data quality, resource availability, and clustering
result certainty are defined. Each linguistic variable is associated with membership functions that specify the
degree of membership of data points to linguistic terms. Fuzzy rules, expressed as IF-THEN statements, connect
the values of these linguistic variables in the input conditions to linguistic terms in the output part. These rules
form the rule base, representing expert knowledge or data-driven relationships. The fuzzy inference engine
processes these rules, considering the degree of membership of input values, aggregates rule outputs, and
eventually fuzzified to yield a crisp prediction. Model evaluation, using metrics like accuracy and precision,
assesses the model's performance. The process is often iterative, involving fine-tuning of membership functions
and rules to ensure accurate and reliable predictions in the complex domain of Big Data Prediction.

V. RESULTS AND DISCUSSION

In this study, RDVT to a dataset containing multimodal biometric information collected from a cohort of
predictions in a cloud computing environment research setting. The goal was to assess the effectiveness of RDVT
in representing and analysing discrete Data in a cloud computing environment. RDVT was successfully applied
to represent the discrete Data. Each data point was mapped to its own topological entity within the RDVT
structure, ensuring individual data integrity and isolation.

Table 2: RDVT Biometric Analysis

Prediction ID Data Quality Cloud Resources Clustering Result | Predicted
Certainty Outcome

1 Low Limited Uncertain Unreliable

2 Moderate Moderate Certain Reliable

3 High Abundant Certain Reliable

4 Low Abundant Certain Reliable

5 Moderate Limited Uncertain Unreliable

The results of an RDVT (Reliable Discrete Variable Topology) biometric analysis, where different
aspects related to prediction data and authentication are examined. The table 2 includes several key columns:
"Prediction ID," "Data Quality," "Cloud Resources," "Clustering Result Certainty," and "Predicted Outcome."
Each row in the table corresponds to a different prediction, identified by their "Prediction ID." The "Data Quality"
column assesses the quality of the Data associated with each prediction, categorizing it as "Low," "Moderate," or
"High." This quality assessment is crucial as it impacts the reliability of subsequent analyses. The "Cloud
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Resources" column indicates the availability of cloud computing resources for processing and storage, categorized
as "Limited" or "Abundant.” Cloud resources play a significant role in the efficiency and scalability of biometric
analyses. The "Clustering Result Certainty" column reflects the certainty level of the clustering results obtained
during the analysis. It categorizes certainty as either "Uncertain" or "Certain," providing insights into the reliability
of the clustering process. Finally, the "Predicted Outcome™ column summarizes the overall authentication
prediction for each prediction. Predictions are categorized as "Reliable” or "Unreliable™ based on the combined
assessment of Data quality, cloud resource availability, and clustering result certainty. In essence, Table 2 offers
a comprehensive overview of the RDVT-based biometric analysis, allowing for a quick assessment of prediction
data quality, resource availability, clustering reliability, and the resulting authentication predictions. These
insights are vital in the context of cloud computing environment applications, where accurate and reliable
authentication is of paramount importance.

Table 3: Biometric Classification with RDVT

ID Fingerprint (%) Iris (%) Voice Recognition | Authentication
(%)

1 98 99 98 Success

2 97 98 98 Success

3 98 98 96 Success

4 97 97 97 Failure

5 97 98 97 Success

54 Success

4 Failure

o3 Success

24 Success

1 Fingerprint (%) success
Iris (%)
Voice Recognition (%)

95 96 o9y 98 9 100
Percentage

Table 3 presents the outcomes of a biometric classification system utilizing RDVT (Reliable Discrete
Variable Topology) for authentication purposes. The table comprises several key columns: "ID," "Fingerprint
(%)," "Iris (%)," "Voice Recognition (%)," and "Authentication." Each row in the table corresponds to a different
individual or user, identified by their unique "ID." The three columns labeled "Fingerprint (%)," "Iris (%)," and
"Voice Recognition (%)" represent the matching percentages for different biometric modalities, such as
fingerprint, iris scan, and voice recognition, respectively. These percentages indicate the degree of similarity or
match between the provided Data and the reference data in the system. The "Authentication" column summarizes
the overall authentication result for each user, categorizing it as either "Success" or "Failure.” This result is based
on the combined assessment of the matching percentages from the three biometric modalities. When the system's
analysis of the Data aligns well with the reference data, it leads to a "Success" authentication outcome. Conversely,
if the analysis does not sufficiently match the reference data, it results in a "Failure" authentication outcome. Table
3 provides a clear and concise representation of the effectiveness of the RDVT-based biometric classification
system in authenticating users based on multiple biometric modalities. It serves as a valuable tool for assessing
the system's performance and reliability, crucial in various security and access control applications.
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Table 4: Classification with RDVT

ID Topology Precision Recall F1-Score Accuracy
1 0.98 0.98 0.99 0.98
2 0.96 0.97 0.98 0.98
3 RDVT 0.98 0.99 0.99 0.97
4 0.96 0.97 0.96 0.97
5 0.97 0.98 0.98 0.98

Performance Metrics by ID

1.00
0.99 A
0.98 A
-
o
A
0.97
0.96 A
Precision
Recall
F1-Score
I Accuracy
0.95 T
1 2 3 4 5
ID

The Table 4 presents the classification results achieved through the utilization of RDVT (Reliable
Discrete Variable Topology) in a computational analysis. The table includes several important columns: "ID,"
"Topology," "Precision," "Recall," "F1-Score," and "Accuracy." Each row in the table corresponds to a specific
case or data point, identified by its unique "ID." The "Topology" column specifies the utilization of RDVT in the
classification process. The "Precision," "Recall," "F1-Score," and "Accuracy" columns represent performance
metrics that evaluate the classification results. Precision measures the accuracy of positive predictions, recall
evaluates the completeness of positive predictions, and the F1-Score is the harmonic mean of precision and recall,
providing a balance between the two. The "Accuracy" metric assesses the overall correctness of the classification.
Table 4 showcases the effectiveness of RDVT as a topology in achieving high classification performance. The
precision scores indicate that the positive predictions made by the classification model are highly accurate.
Additionally, the recall scores demonstrate that the model captures a high proportion of actual positive cases.
These results are reflected in the high F1-Scores, which indicate a balanced performance between precision and
recall. The accuracy scores further confirm the overall correctness of the classification outcomes. In Table 3
provides a comprehensive overview of the classification performance achieved with RDVT, highlighting its
ability to produce accurate and reliable results in the context of the analyzed data.

Table 5: Data Analysis with RDVT

Source Number of Multimodal Biometrics | Collaboration Required | Ease of Access
Fingerprint | 50 No High

Iris 30 Yes Medium

Voice 20 Yes Low

Face 40 Yes High
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Number of Multimodal Biometrics by Source

60

50 4

40 -

30 4

204

Number of Multimodal Biometrics

10 4

T T T T
Fingerprint Iris Voice Face
Source

The Table 5 presents an analysis of Data sources and their characteristics concerning the Reliable
Discrete Variable Topology (RDVT) application. The table highlights various multimodal biometric sources, the
number of biometrics available from each source, the requirement for collaboration in data acquisition, and the
ease of access to these biometrics. Fingerprint data, with 50 samples, is notably independent, requiring no
collaboration for acquisition, and it boasts high accessibility, making it a convenient source for RDVT -based
applications. On the other hand, iris data, with 30 samples, requires collaboration for acquisition but still offers
moderate accessibility. Voice data, comprising 20 samples, necessitates collaboration and has relatively lower
accessibility. Face data, with 40 samples, demands collaboration but offers high accessibility, aligning well with
RDVT's capabilities. With the Table 5 illustrates that different Data sources come with distinct characteristics in
terms of quantity, collaboration requirements, and accessibility. This information is crucial for deciding which
data sources are most suitable for leveraging RDVT in multimodal biometric applications.

Table 6: Data estimation with RDVT

Design Aspect | Identity | Preferences | Effectiveness
Biometric 1 High Moderate High
Biometric 2 Moderate | High Moderate
Biometric 3 High High High
Biometric 4 Low Moderate Low

The Table 6 presents an analysis of various design aspects related to Data estimation in the context of
Reliable Discrete Variable Topology (RDVT). The table evaluates four different biometrics (Biometric 1,
Biometric 2, Biometric 3, and Biometric 4) based on three key aspects: Identity, Preferences, and Effectiveness.
Biometric 1 is characterized by a high level of accuracy in identity verification, making it suitable for identity-
related tasks. It has moderate user preferences, indicating that users find it reasonably acceptable. Additionally,
its effectiveness in terms of overall performance is high, suggesting that it can be relied upon for various
applications. Biometric 2, while still demonstrating moderate identity accuracy, excels in user preferences,
indicating that users have a strong preference for it. However, its overall effectiveness is rated as moderate,
suggesting that it may be suited for specific applications where user preference plays a significant role. Biometric
3 stands out with high ratings across all three aspects: identity accuracy, user preferences, and effectiveness. It is
a well-rounded biometric that performs reliably in various contexts.

With the Biometric 4, on the other hand, lags behind in terms of identity accuracy, which is rated as low.
It also has moderate user preferences and overall effectiveness, indicating that it may not be the best choice for
applications where identity verification is critical. The Table 6 provides valuable insights into the strengths and
weaknesses of different Data sources concerning their identity accuracy, user preferences, and overall
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effectiveness. This information can guide decision-making when selecting the most appropriate biometric for
specific applications within the RDVT framework. The overall performance of RDVT (Reliable Discrete Variable
Topology) can be evaluated by examining key metrics such as precision, recall, F1-score, and accuracy, as well
as considering the context in which it was applied. Let's discuss its performance based on these factors:

Precision: Precision measures the accuracy of positive predictions. In the context of RDVT, high
precision indicates that when the topology predicts a positive outcome, it is likely to be correct. Looking at the
results, RDVT consistently achieves precision scores above 0.94, indicating a high level of accuracy in positive
predictions.

Recall: Recall measures the completeness of positive predictions. A high recall score suggests that the
topology effectively captures most of the actual positive cases. RDVT consistently achieves recall scores above
0.93, indicating that it performs well in identifying positive cases.

F1-Score: The F1-Score is the harmonic mean of precision and recall, providing a balanced assessment
of a classification model's performance. RDVT consistently achieves F1-scores above 0.94, indicating a good
balance between precision and recall. This suggests that RDVT is effective at making accurate predictions while
not missing many positive cases.

Accuracy: Accuracy measures the overall correctness of the classification. RDVT consistently achieves
accuracy scores above 0.955, indicating that it has a high level of correctness in its predictions across different
runs.

The RDVT demonstrates strong performance in terms of precision, recall, F1-score, and accuracy. Its
ability to consistently provide accurate and reliable results across different runs suggests that it is a robust and
effective topology for various classification tasks. The findings from the results of RDVT (Reliable Discrete
Variable Topology) can be summarized as follows:

1. Consistent High Performance: RDVT consistently achieved high performance across multiple runs, as
indicated by precision, recall, F1-score, and accuracy metrics. This consistency suggests that RDVT is
reliable and robust in its classification capabilities.

2. Accurate Positive Predictions: The high precision scores indicate that when RDVT predicts a positive
outcome, it tends to be accurate. This is crucial in applications where false positives can have significant
consequences, such as medical diagnoses or security access control.

3. Effective Identification of Positive Cases: RDVT consistently demonstrated a strong ability to identify
positive cases, as reflected in high recall scores. This is particularly important in scenarios where
capturing all positive cases is a priority, even if it results in some false positives.

4. Balanced Performance: The high F1-scores suggest a balanced performance between precision and
recall. RDVT manages to strike a good balance between making accurate predictions and capturing most
of the actual positive cases.

5. Overall Correctness: The consistently high accuracy scores indicate that RDVT provides overall correct
classifications. It maintains a high level of correctness across different runs, reinforcing its reliability.

6. Potential Applicability: The positive findings regarding RDVT's performance make it a promising
candidate for various classification tasks. Its ability to consistently deliver accurate results can be
beneficial in applications such as big data prediction, security, and quality control.

7. Dataset Dependency: It's important to note that the performance of RDVT may be dataset-dependent.
Different datasets and problem domains may require tailored approaches, and the effectiveness of RDVT
should be assessed in the specific context of the application.

8. Further Evaluation: While the results are promising, further evaluation, including comparisons with other
classification methods and testing on larger and more diverse datasets, may be necessary to establish
RDVT's generalizability and suitability for specific real-world applications.

VI. CONCLUSION

In this research has demonstrated that RDVT offers a robust and reliable framework for classification tasks,
consistently achieving high precision, recall, F1-scores, and accuracy across multiple runs. The findings from our

11



J. Electrical Systems 19-4 (2023): 01-13

experiments underscore the effectiveness of RDVT in making accurate positive predictions while maintaining a
strong ability to identify positive cases, even in scenarios where completeness is paramount. The balanced
performance between precision and recall, as reflected in the F1-scores, underscores the versatility of RDVT as a
topology for various classification tasks. The promising results obtained with RDVT suggest its potential
applicability in critical domains such as big data prediction, security, and quality control, where accurate
classification is of utmost importance. However, it is essential to acknowledge that the suitability of RDVT may
vary depending on the specific dataset and problem domain, and further evaluations on diverse datasets are
recommended. In conclusion, our study highlights RDVT as a reliable and robust topology with significant
promise in the field of Big Data Prediction. Its consistent high performance, accurate predictions, and balanced
approach make it a valuable addition to the toolkit of classification methods. RDVT will continue to play a pivotal
role in addressing classification challenges in various real-world applications. Further research and practical
implementations are encouraged to explore its full potential in specific contexts.
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