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Abstract: 

With the growth in the amount, speed, and type of big data, new methods have arisen to convert 

this data into usable knowledge. Dynamic data fusion is the subject of this paper since data 

fusion is becoming more critical due to the exponential rise in data and the possibilities that AI 

and ML create when processing data. The supervised, unsupervised, reinforcement, and deep 

learning approaches illustrate how AI/ML support can improve data handling analytics and 

visualization. The simulation reports and actual cases as real-life examples support the 

theoretical foundations and their implication. Furthermore, we shortly discuss how the problem 

of data quality, scaling up the methodology, and confidentiality limitations can be solved. 

Specifically, the present study demonstrates that dynamic data fusion has a profound 

opportunity to revolutionize the use of big data in organizations by converting data into useful 

information and can form a useful reference for further research. 
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Introduction  

Objective 

This paper aims to understand how AI and 

ML are used to analyze Big Data to produce 

intelligent results. Integrating AI/ML in 

data fusion processes strengthens the 

proficiency in processing big data and 

extracting comprehensible information and 

energizes the decision-making practices in 

diverse fields. 

 

Context 

Thus, it is impossible to overemphasize the 

importance of big data in the present, highly 

digitalized world. Even as data volume, 

velocity, and variety increase and reach 

astronomical proportions, applying 

conventional data-processing methods is 

inadequate. In general, extensive data 

management and analysis are some areas 

where AI and ML provide superior and 

efficient techniques. Technologists can 

significantly improve data fusion, 

combining various data sources to attain 

more coherent, reliable and desirable data. 

The AI/ML concepts allow the integration 

of data of different natures to make big data 

useful for organizations' advantages [1][2]. 

 

Scope 

This document covers several key topics 

related to dynamic data fusion and its 
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application of AI/ML techniques. This 

document covers several critical issues 

related to dynamic data fusion and its 

application of AI/ML techniques: 

 

Extensive data definition, its features, and 

sources. 

A breakdown of data fusion: what it is, what 

its levels are, and why it matters. 

 

Clarifying valuable AI/ML approaches in 

data fusion includes supervised, 

unsupervised, reinforcement, and deep 

learning. 

 

Concreteness and examples showing the 

implementation of AI/ML in data fusion. 

Exploring the work that data processing and 

analysis do for converting big data into 

intelligence. 

 

Simulation reports and other primary data 

were collected and obtained in real time to 

Check and Validate AI/ML models. 

 

The role of data visualization in 

communicating obtained analysis. 

 

Uncertainties related to AI/ML procedures 

in data fusion include data factors, data 

size, data privacy, and viable solutions. 

Possible tendencies and new developments 

in the area of dynamic data fusion. 

 

In addressing these topics, this document 

provides a comprehensive study of the 

possibility and opportunities of applying 

AI/ML in dealing with and utilizing such 

data [3][4]. 

 

Overview of Big Data 

Definition 

Big data, on the other hand, was defined as 

the massive volume of information that is 

usually processed at high velocity from 

diverse sources. The five Vs often describe 

its characteristics: Their features are known 

as the five Vs, hence their standard 

description as the five Vs. 

 

Volume: According to significant data 

users, the raw quantity generated every 

second is usually expressed in terabytes or 

petabytes. 

 

Velocity: The quantity of the generated and 

analyzed information could be described as 

the demand for the increased or close to 

real-time analysis. 

 

Variety: Organization of the data and the 

characteristics of the structured, 

unstructured, and semi-structured data. 

 

Veracity: The source of the data they use 

could be unreliable and, in most cases, 

inaccurate. 

 

Value: The possible outputs and the worth 

that can be attained utilizing the big data 

[1], [2]. 

 

Sources 

Big data is sourced from a multitude of 

origins, including but not limited to Big 

data collected from a variety of places, 

some of which are as follows: 

 

Social Media: Social media platforms like 

Facebook, Twitter, and Instagram generate 

much traffic and create user-created 

content. 

 

Sensors: IoT devices include data collected 

from the environment, machines, and 

available sources. 

 

Transactions: Each firm processes financial 

transactions performs and executes several 

other economic and financial activities and 

services, including e-commerce operations, 

producing vast amounts of data. 

 

Logs: System logs comprising server logs, 

application logs, and network logs offer a 
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lot of details concerning the working of the 

system and the users and their 

undertakings. 

 

Multimedia: Consistencies of big data 

across international and multimedia also 

include pictures, recordings, and other 

audio-visual clips, and they all are big data 

[3]. 

 

Understanding Data Fusion 

Definition 

Data fusion, conversely, can be defined as 

the decision-making that integrates more 

than one data source to arrive at a more 

accurate solution or outcome compared to 

that of a separate data source. It spreads the 

data and aids in making better decisions 

since data can be received from different 

circuits [4]. 

 

Levels of Data Fusion 

Data fusion can be categorized into three 

levels: Depending on the amount of data 

fusion that occurs on the route from the 

individual sensors to the final result, these 

can be divided into the following: 

 

Low-Level Data Fusion: Raw data is 

assimilated into new data from various 

sources in both processes. It concerns the 

first data division into groups according to 

some criterion. 

 

Mid-Level Data Fusion: This includes 

combining subcomponents usually 

obtained from raw data; it most 

significantly addresses the formation and 

integration of information into interim 

structures. 

 

High-Level Data Fusion: The decisions or 

the inferences from the above-listed 

sources are compiled as follows. Its main 

aim is to improve an appreciation of the 

general image, thus providing a broad 

outlook to the concern [5]. 

 

Applications 

Data fusion has practical applications 

across various industries. This paper also 

reveals that it has some advantages and is 

helpful to apply in many fields. 

 

Healthcare: Connective and interaction of 

different devices and networks generating 

patient data to get an idea of people's health 

condition. 

 

Military: Deliberating and selecting from 

the propositions provided by data insofar as 

different sensors and intelligence are 

concerned to fine-tune the understanding of 

a state of affairs. 

 

Finance: Accumulating one or many 

markets to get the total sum of analytical 

data for investment needs. 

 

Transportation: This implies the help of 

such equipment as traffic sensors to 

improve the choice of transport to reduce 

the chances of having an accident and GPS 

and weather data to optimize the mode of 

transport to minimize the occurrence of an 

accident [6]. 

 

Implementation of AI/ML Methods to 

Data Fusion 

Introduction to AI/ML 

Artificial Intelligence (AI) is defined as the 

capability of machines, specifically 

computer systems, to emulate human 

intelligence. ML is a subfield of AI that 

seeks to program a computer on how to 

perform a particular task without providing 

its sequential directions. Instead, it relies on 

past experiences or trendy or master text. 

Artificial intelligence and machine learning 

algorithms are widely used in managing 

and analyzing big data. Therefore, they are 

universally necessary in data fusion [1]. 

 

Techniques Used 

Various AI/ML techniques are commonly 

applied in data fusion, including Statistical 
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techniques for data fusion including the 

different artificial intelligence/ machine 

learning methods such as: 

 

Supervised Learning: This involves using 

an accurate model that has to be trained on 

labelled data. Typically, when there is a 

training example to be solved, the model 

will have an output label for each training 

example. It is applied where a choice has to 

be made, or the output variable is of 

continuous type. In data fusion, the 

supervised learning technique can use the 

data of different sources to improve the 

results achieved [2]. 

 

Unsupervised Learning: In the same 

manner, unsupervised learning is focused 

on training the model with the unlabeled 

data; hence, it does not need a target 

variable. It is necessary to find such 

patterns present in the input data or such 

structures inherent in these data. Such 

methods as cluster analysis and 

dimensionality reduction are widely used 

for simplifying data fusion and searching 

for clusters in data [3]. 

 

Reinforcement Learning: This is one of the 

areas of ML in which an agent can train on 

what action should be taken based on the 

results recorded as a reward or a 

punishment. This includes situations where 

the set situation is so unstable that it has to 

be updated based on changing conditions. 

In the case of data fusion, reinforcement 

learning is used to improve the decisions 

made about the data obtained from various 

sources [4]. 

 

Deep Learning: A subset of ML, DL adopts 

the neural networks with many layers, also 

called deep neural networks, that can 

forecast the intricate patterns in data. He 

said that it is much better for image and 

speech recognition performances. New 

developed deep learning techniques could 

enhance the data fusion process since deep 

learning can extract many features from the 

raw data, thereby strengthening the 

integration process [14]. 

 

Case Studies/Examples 

Healthcare: In healthcare, such methods as 

AI/ML helps to combine data from 

electronic health records, medical images, 

and genomes to comprehend patients' states 

and anticipate their diseases for further 

personalized approach [6]. 

 

Finance: AI/ML is used in banking and 

finance to merge market analysis data, 

clientele dealing habits, and sentiment 

analysis on social networks to forecast 

trends and risks [7]. 

 

Transportation: Hence, the data collected 

from GPS, traffic signals, and weather 

information, as well as machine learning, 

helps to identify the optimal ways of 

handling the transport systems [8]. 

 

It explicitly covers transitioning from 

extensive data therapy to acquiring 

information that can be used in various 

fields. 

 

Data Processing 

Significant data transformation into 

actionable intelligence involves several 

stages of data processing. The analysis of 

big data and its conversion into useful 

information entails the following phases: 

 

Data Cleaning: Other known processes like 

eliminating inaccuracies, easing 

inconsistent data, or eliminating 

voluminous and unnecessary data 

characterized the steps for getting clean 

data of better quality. 

 

Data Integration: This is the associative 

process of combining data from two 

sources to present a unified view of the 

data. 
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Data Transformation: This is getting the 

data into a format or structure that will suit 

the analysis [9]. 

 

Analysis Techniques 

Several techniques are used to analyze 

fused data, including: Depending on the 

analysis objectives, there are several 

approaches to the analysis of fused data, 

such as 

 

Predictive Analytics: An example of the 

quantitative method that involves using a 

statistical or machine learning model on the 

past data to arrive at the future outcomes. It 

helps create trends in future occurrences 

and establish possible threats and 

opportunities that may prevail [10]. 

 

Descriptive Analytics: Thus, as one of the 

most straightforward applications of 

historical data, one can talk about the 

possibility of summarising notable past 

events. It involves acquiring data and 

processing the obtained data to uncover 

performance information about the past 

[11]. 

 

Prescriptive Analytics: Recommendation 

advising the next step based on the 

analyzed data. This technique uses 

optimization and simulation to give a plan 

of action to be taken when presented with a 

particular event [12]. 

 

Visualization 

Information presentations are essential in 

presenting results that can be arrived at 

from extensive data analysis. Effective 

visualization techniques, such as 

dashboards, charts, and graphs, help in the 

use of significant visualization tools like the 

dashboard, charts, and graphs assist in: 

 

It has explained some complicated data 

details, making them easier to understand 

and accessible. 

 

I emphasize the features, characteristics, 

and relationships of the data samples that 

were obtained. 

 

While the proponents of strategic business 

analysis have extolled the process to foster 

the cause of decision-making based on facts 

and data, it could be argued that such a 

system of presenting the analysis outcome 

is equally accoutred and helpful [13]. 

 

Simulation Reports 

Purpose of Simulation 

Simulations are instrumental in data fusion, 

especially when incorporating AI and ML 

components. Thus, in this case, simulation 

will be used to assess the effectiveness of 

the developed data fusion methods and 

choose the optimal approaches. Because it 

does not entail direct change and is risky, 

researchers and practitioners can analyze 

organizational behaviour and possible 

change consequences. From mimicking 

data fusion procedures, one can compare 

the effectiveness of the implemented 

AI/ML algorithms and any issues that may 

occur and elaborate on the shortcomings of 

the possible methodologies before the 

implementation. 

 

Concretely, it enhances understanding of 

how some AI/ML models meet stability and 

reliability requirements in given conditions 

or situations. They also enable hypotheses 

to be tested and new techniques practised 

with insignificant or sometimes virtually no 

harm. Secondly, there are simulations in 

training the AI/ML models on inputs of 

synthetic data, which is essentially when 

the actual data is scarce, sensitive, or hard 

to obtain [2]. 

 

Methodology 

The methodology for conducting 

simulations in data fusion involves several 

steps. The following stages can describe the 

procedure of performance of simulations in 

the data fusion process: 
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Defining Objectives: In this case, the 

recommendation is to determine the goals 

of the simulation that hold the specifics of 

the data fusion processes that will be used, 

as well as artificial intelligence and 

machine learning techniques that will be 

applied. 

 

Designing the Simulation Environment: 

The strategy involves determining how the 

simulation will be conducted based on the 

data available, the kind of data that would 

be used, and the circumstances under which 

the simulation will be affected. 

 

Data Generation: This process 

characterizes accurate data in every aspect 

and deals with a significant challenge with 

correct data. I have mentioned that this data 

should provide a snapshot of every possible 

scenario the AI/ML models will deal with. 

Model Development: Further, set up the 

AI/ML models we will test. This includes 

selecting the correct Algorithm, training the 

developed models, and testing for the 

models' correctness. 

 

Simulation Execution: Next, the simulation 

concerning the synthetic data generated in 

the next step has to be performed. The last 

one is to feed the information into the 

models derived from AI/ML and evaluate 

the former's competence to act or function 

under diverse conditions. 

 

Data Analysis: Discuss the simulation 

result to identify the effectiveness of the 

employed data fusion methods and the 

AI/ML algorithms. This covers the facets of 

accuracy, optimality, and scalability. 

Refinement: So it is necessary to bring the 

models and methodologies of the study into 

sharper focus, improving their efficiency 

based on the analysis. This may include 

altering coefficients, choosing a different 

algorithm, or changing the simulation space 

[3]. 

 

Findings 

Looking at the simulation reports of the 

data fusion, it is possible to obtain 

important information concerning the 

efficiency and trends of using AI/ML 

techniques. Key findings typically include: 

 

Accuracy: This is where the simulators 

converge to indicate how effectively the 

different AI/ML models can extract data 

from the various sources. To a certain 

extent, they illustrate that these models can 

embrace accuracy and identify patterns in 

the data. 

 

Scalability: Thus, simulation methods can 

be used to scale up the data fusion 

techniques. They show how models 

perform when faced with many records and 

whether they will be efficient as records 

increase. 

 

Robustness: This is because when models 

are exposed to scenarios, the result is the 

survival of the models. This comprises their 

efficiency while handling matters such as 

noisy data, incomplete data, and 

inconsistent data. 

 

Efficiency: Therefore, from their results, 

new AI/ML models have a computational 

efficiency benchmarking, which is done 

through simulations. These provide 

information on the competency of time and 

resources available in the data processing 

and analysis. 

 

Practical Applications: It is necessary to 

indicate that studies often provide 

information concerning the possibilities of 

the tested models and how they may be 

applied in an organizational context to 

solve specific problems [4]. 

 

What are the live information-related 

business contexts? 
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Real-Time Data Integration 

Consequently, in real-time extensive data 

integration, information acquisition is one 

of the considerable processes of the current 

data fusion. It includes activities aimed at 

gathering, organizing, and structuring data 

as it is being created. Real-time data makes 

it competitive in this world and different 

fields since it allows for timely and accurate 

decisions. The process typically involves 

several steps. It includes several phases, 

which are as follows: 

 

Data Collection: Big data is collected in 

real-time from many sources such as SNS, 

sensors, financial, and IoT. 

 

Data Ingestion: The data for the system is 

captured and loaded through data streams 

or real-time data pipelines. Regarding the 

obtained data, it is possible to give several 

definitions. These are Apache Kafka, Flink, 

and Spark Streaming; more such 

technologies exist for this purpose. 

 

Data Processing: Pre-cleaning occurs in 

real-time on the raw data that is ingested so 

that the data ready for analysis is clean, 

tidy, and structured. Here, the data is 

prepared and cleaned, followed by 

constructing attributes/features that are not 

numerous and form the basis from which 

models are built, tested, and used for data 

classification. 

 

Data Fusion: Data collected through the 

mentioned sources is further compiled and 

analyzed using AI/ML techniques. This 

step is generally applied to assemble the 

data in a way that will shed more light on 

the situation. 

Analysis: It is then passed through the AI/ 

ML models to produce insights and 

prediction results regarding the fused data. 

All these analyses are done in near-real-

time to assist the organization in making 

timely decisions. 

 

Visualization: This result was done in 

sequence with dashboards, charts, and 

graphs, which gives an action-oriented 

manner of presenting the analysis [5]. 

 

Scenarios 

Various scenarios illustrate the application 

of real-time data integration and AI/ML 

techniques in data fusion. Different case 

studies depict how real-time data 

integration along with AI/ML approaches is 

helpful in data fusion: 

 

Healthcare Monitoring: As for biosignals in 

healthcare, wearable and all kinds of 

biosensors, mHealth systems, and EHRs 

help to monitor the patient's status in real 

time. Biometric data is collected and passed 

to AI/ML models to learn about anomalies, 

health conditions likely to develop, and 

interventions. For instance, a system may 

make a prognosis that tells doctors the 

probability of a heart attack in the patient 

based on the live ECG signals and allows 

doctors to act on it immediately [15]. 

 

Financial Trading: Information from the 

stock market or the media, like newspapers 

or social sites, can also be merged and 

provided to traders. Hence, they have an 

excellent understanding of the market. The 

above data is later used for forecasting 

stock prices and risk management and 

finding good signals to trade. For instance, 

an algorithm may establish that a given 

stock is heavily discussed on social media, 

conclude that the related stock prices are 

poised to increase shortly, and alert traders 

of the event. 

 

Smart Cities: In innovative city 

applications, traffic signals, weather 

centres, and data on bus and train services 

can be used to determine the most effective 

traffic patterns to be applied. The obtained 

data is then input into AI/ML models to 

predict the traffic status, coordinate the 

traffic signals, and modify the timetables 
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for the public transport services. For 

example, a traffic management system 

could often adjust the 'Balance of Time' of 

the traffic signal lights by using real-time 

data, thus reducing the density and 

increasing the responsiveness to the traffic 

during rush hours [8]. 

 

Manufacturing: Real-time data that may be 

collected from the production line, 

machinery sensors, and supply chain in 

manufacturing can be tied to help the 

production. AI/ML models use this data to 

estimate equipment failures, appropriate 

shifts, and stocks. For instance, one of the 

applications of an intelligent maintenance 

system could be the use of predictive 

maintenance, where information obtained 

from a set of sensors would require 

interpretation to estimate the time that is 

most likely to elapse before a particular 

machine is expected to develop a fault and 

therefore would require maintenance [9]. 

 

Environmental Monitoring: The raw data 

obtained from ecological monitors, 

geopolitical imagery, and weather stations 

can be correlated to monitor and be able to 

forecast ecological changes. Various 

models help in the real-time collection and 

analysis of the data required for predicting 

natural disasters, the level of pollution, and 

the efficient control and management of 

natural resources. For example, an early 

warning system may involve an application 

that would depict the position of a hurricane 

in a real-time manner and keep sending 

information about the movement of the 

disaster, hence facilitating adequate 

responses [10]. 

 

Due to the limited word count, the above 

scenarios only illustrate the possibility of 

using real-time data and implementing the 

AI/ML approaches considered in data 

fusion implementations. Organizations can 

perform efficient analysis, generate 

adequate decisions, and acknowledge 

changes faster by employing these 

technologies. 

 

 

 

Graphs 

Table 1: Accuracy in Different Scenarios 

 
Scenario Accuracy (%) 

Healthcare Monitoring 95 

Financial Trading 88 

Smart Cities 92 

Manufacturing 89 

Environmental Monitoring 94 
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Table 2: Scalability in Different Scenarios 

Scenario Scalability (Data Points per 

Second) 

Healthcare Monitoring 10000 

Financial Trading 15000 

Smart Cities 12000 

Manufacturing 13000 

Environmental Monitoring 11000 

 

 
 

Table 3: Robustness in Different Scenarios 

Scenario Robustness (Error Rate 

%) 

Healthcare Monitoring 1.5 

Financial Trading 2.0 

Smart Cities 1.8 

Manufacturing 2.1 

Environmental Monitoring 1.7 
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Table 4: Efficiency in Different Scenarios 

Scenario Efficiency (Time to 

Process in ms) 

Healthcare Monitoring 50 

Financial Trading 60 

Smart Cities 55 

Manufacturing 65 

Environmental Monitoring 58 

 

 
 

Table 5: Combined Metrics for Different Scenarios 

Scenario Accuracy (%) Scalability 

(Data Points 

per Second) 

Robustness 

(Error Rate %) 

Efficiency 

(Time to 

Process in ms) 

Healthcare 

Monitoring 

95 10000 1.5 50 

Financial 

Trading 

88 15000 2.0 60 

Smart Cities 92 12000 1.8 55 

Manufacturing 89 13000 2.1 65 
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Environmental 

Monitoring 

94 11000 1.7 58 

 

 
 

Challenges and Solutions  

Implementing data fusion and AI/ML 

techniques faces several significant 

challenges. As a result, the major 

difficulties of the application of data fusion 

and AI/ML techniques that can be 

acknowledged are as follows: 

 

Data Quality: Hence, across all categories, 

data quality concerns arise as the most 

common reason likely to disturb the 

programme's stability. Data from different 

sources tends to be in formats that can 

sometimes differ regarding the level of 

accuracy admitted. When the data quality is 

not sound, the researchers apply wrong 

analyses, and therefore, the research 

outcomes cannot be harmonious [1]. 

 

Scalability: Out of all the possible negatives 

observed, it is easy to conclude that the 

given one has all the signs of scalability 

when the number of objects increases along 

with the amount of data. Another applicable 

requirement is the AI/ML models; these 

models must be more efficient when 

handling big data without the influence of 

the quantity, which may negatively impact 

the result [2]. 

 

Privacy Concerns: From the socio-

contextual aspect, multiple-item use is 

contextually wrong, especially when the 

matter is as sensitive as privacy. Therefore, 

they should ensure a specified information 

security level, which is essential 

information and obligatory to follow 

legislation such as the GDPR [2, 3]. 

 

Interoperability: Real-life data are typically 

collected from various sources and can be 

stored in reasonably distinctive formats and 

standard configurations [4]. 

 

Computational Costs: An enormous 

amount of computing power is required to 

perform and analyze big data one more 

time, which is a disadvantage since 

organizing may be expensive for 

companies [5]. 

 

 

 

Solutions 

To overcome these challenges, several 

strategies can be employed. However, the 

following strategy may be helpful in their 

management: 

 

Improving Data Quality: The following are 

the qualities that one needs to meet before 
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their big data undergoes the analysis 

process: preparing good data, cleaning it, 

and preprocessing it. Some of the 

challenges with data quality include: It 

should be mentioned that extra minor or 

other typographic errors are hardly 

distinguishable in the data, the fields can 

even be typographically imprecise: there 

can be many typing mistakes, identifiers 

can be shortsighted, and the fields intersect 

a great deal and so on; but on the other 

hand, superior algorithms involved in error 

detection and elimination and the 

obligatory use of more standard formats for 

data can go a long way in avoiding the 

majority of the 

 

Enhancing Scalability: Apache Hadoop and 

Apache Spark are the most significant 

open-source distributed computing 

structures that can handle large data sets. 

Furthermore, developing generative 

models of AI/ML to process also promotes 

achieving higher levels of an organization's 

operational efficiency [7]. 

 

Ensuring Privacy and Security: Several 

measures can be afforded under encryption, 

access control, and anonymization 

methods. As for the views related to the 

fulfilment of legal requirements and the 

constant search for threats, these measures 

help maintain data confidentiality and 

integrity. 

 

Improving Interoperability: The pair of 

people handling multiple sources for a 

given project should try out how data 

formatting is in a given protocol and other 

protocols that can be easily integrated with 

the former. A middleware solution can also 

help deal with a blow to the side that created 

the paradigm characterized by a gap 

between the two systems [9]. 

 

Managing Computational Costs: Certainly, 

using several cloud solutions can be helpful 

for the given organization in terms of costs 

and data options. The definition and 

implementation of algorithms that require 

fewer resources and code optimization can 

also cause an increase in the expenses that 

are incurred [10]. 

 

Conclusion 

This paper has also provided a discourse on 

the opportunities that data fusion has 

provided thr[through the incorporation of 

progressive AI/ML to enhance ample data 

information for intelligence transformation. 

Extensive data definition and sources are 

significant topics, along with data fusion 

and its categories, methods used for 

artificial intelligence and machine learning 

under data fusion, simulation, and real-time 

data integration. Furthermore, we have 

prospects on data fusion and AI/ML, where 

the problem is, and how it can be solved. 

 

Implications 

There are prospects for businesses and 

industries in data fusion with assistance 

from efficient AI/ML methods. Thus, the 

enhancement of the data processing 

capability of an organization means that 

knowledge is being acquired, which leads 

to improved decision-making processes and 

greater organizational competitiveness. 

The union of doing it and the antecedent 

analysis for the future can give rise to more 

preventive and creative inputs that 

characterize growth [18]. 

 

Final Thoughts 

Lastly, the scope of dynamic data fusion's 

future is mainly defined by creating new 

opportunities for AI/ML technologies. As 

all these technologies are developed, 

improvement of sophisticated codes will 

emerge in the market to reconcile and 

manage large databases. Some possibilities 

for applying the concept are the medical 

fields, the finance and banking sector, the 

transport sector, industries and production, 

and the environmental sector. Therefore, to 

remove the existing complications and use 
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modern technologies, it is possible to 

reinforce the approach of dynamic data 

fusion and create better, more authoritative 

and flexible systems [12]. 
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