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Abstract 

In the ever-expanding landscape of the Internet of Things (IoT), efficient data management is imperative for 

optimizing server resources. One prevalent challenge faced is the proliferation of redundant copies of shared 

data backups, leading to unnecessary resource consumption. This paper presents an innovative solution for IoT 

data de-duplication and the removal of unwanted copies in server backups, addressing the inefficiencies 

associated with multiple backups. The current scenario witness multiple users generating backup copies of 

shared data on the same server. This practice results in significant resource allocation and storage challenges, 

impacting server efficiency. Users, unaware of sharing a single copy, contribute to the accumulation of 

redundant data, making it imperative to devise a more streamlined and resource-efficient approach. Our 

proposed system leverages a multi-faceted approach involving data analytics and machine learning to address 

the existing challenges. The process commences with the systematic collection and analysis of all backup 

copies through data classification and clustering. An efficient machine learning algorithm is then employed to 

accurately identify and mark duplicate copies based on various factors. User backups are linked, allowing for 

versioning and ensuring seamless collaboration. Dynamic copy removal mechanisms ensure that when a user 

attempts to delete a copy, the system intelligently maintains connectivity for other linked users until the last 

person disconnects. This approach enhances user transparency, as individuals are not explicitly made aware of 

sharing a single copy. The identified shared copy persists on the server until the last connected user decides to 

delete it. The proposed system offers a comprehensive solution to the challenges posed by redundant IoT data 

backups. By combining data analytics and machine learning, our approach enhances resource utilization, 

minimizes storage redundancy, and facilitates seamless collaboration among users, ultimately optimizing 

server efficiency and ensuring data integrity. 

Keywords: Internet of Things (IoT), Data De-duplication, Resource Efficiency, Machine Learning Algorithm, 

User Transparency, Optimizing Server Efficiency 

 

I. Introduction 

In the rapidly evolving landscape of information 

technology, efficient data management has become 

paramount for optimizing server resources and 

ensuring streamlined operations. One prevalent 

challenge within this sphere is the proliferation of 

redundant copies of shared data backups, leading to 

unnecessary resource consumption and storage 

challenges [1]. This paper delves into a sophisticated 

approach aimed at mitigating these challenges 

through the integration of advanced techniques such 

as data analytics, data clustering, and data 

classification in the context of server backups. The 

contemporary scenario witness multiple users 

generating backup copies of shared data on the same 

server, inadvertently contributing to resource 

allocation and storage inefficiencies. The proposed 

solution endeavors to address these inefficiencies by 

leveraging a multi-faceted approach that incorporates 

cutting-edge technologies [2]. At the core of this 

approach is the systematic application of data 

analytics, a process that involves the comprehensive 

collection and analysis of all backup copies. This 

encompasses the utilization of data clustering 

techniques, which group similar copies together, and 

data classification methods, which discern the nature 
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of the information. The synergy of these techniques 

forms the foundation for a more intelligent and 

efficient server backup system [3]. 

The implementation integrates machine learning 

algorithms to accurately identify and mark duplicate 

copies based on various factors [4]. This not only 

optimizes the de-duplication process but also 

enhances the overall intelligence of the system. The 

linking of user backups, coupled with dynamic copy 

removal mechanisms, ensures a seamless user 

experience. When users attempt to delete a copy, the 

system intelligently maintains connectivity for other 

linked users until the last person disconnects, 

emphasizing user transparency and collaboration. In 

essence, this introduction sets the stage for exploring 

an innovative solution that amalgamates data 

analytics, data clustering, and data classification 

within the realm of server backups [5]. The 

subsequent sections will delve into the intricacies of 

this approach, shedding light on its potential to 

revolutionize data management practices in the 

contemporary technological landscape [6]. 

 

II. Related works  

Singh et al. delve into the integration of network 

slicing and machine learning for the efficient 

management of 5G networks contributes to the 

growing literature on the intersection of 5G 

networks, network slicing, and machine learning [7]. 

The authors conduct a detailed analysis of the 

application of machine learning techniques in the 

context of network slicing, offering insights into the 

optimization and management of 5G networks. Their 

work adds valuable perspectives to the ongoing 

discourse on the advancement and deployment of 

machine learning methods in the evolving landscape 

of wireless communication and mobile computing [8]. 

Kosarirad et al. explains Feature Selection and 

Training Multilayer Perceptron Neural Networks 

Using Grasshopper Optimization Algorithm for Design 

Optimal Classifier of Big Data Sonar presents a 

significant contribution to the field of big data sonar 

classification [9]. This research explores the effective 

utilization of the Grasshopper Optimization Algorithm 

for feature selection and training Multilayer 

Perceptron Neural Networks (MLP-NN) to design an 

optimal classifier for big data sonar applications. The 

study is poised at the intersection of machine 

learning and sensor technology, aiming to enhance 

the accuracy and efficiency of sonar data 

classification [10]. By addressing feature selection 

and neural network training through the lens of the 

Grasshopper Optimization Algorithm, this work offers 

insights into the optimization of classifiers tailored for 

big data sonar systems, contributing to advancements 

in sensor-based technologies and their applications. 

Han and Fu present a study titled "Challenge and 

Opportunity: Deep Learning-Based Stock Price 

Prediction by Using Bi-Directional LSTM Model," 

explores the challenges and opportunities associated 

with employing a Bi-Directional Long Short-Term 

Memory (LSTM) model, a type of deep learning 

architecture, for stock price prediction [11]. Focused 

on the dynamic intersection of finance and artificial 

intelligence, the research addresses the complexities 

inherent in predicting stock prices and identifies the 

potential advantages offered by Bi-Directional LSTM 

models. The study contributes to the ongoing 

discourse on the application of deep learning 

techniques in financial forecasting, shedding light on 

the intricate relationship between advanced neural 

network models and stock price prediction within the 

context of business, economics, and management 

[12]. 

 

III. Implementation of of Iot Data De-Duplication 

and Removal of Unwanted Copies In Server Backup  

In the realm of Internet of Things (IoT), effective data 

management is paramount for optimizing resource 

allocation and storage on servers [13]. A prevalent 

challenge arises from the proliferation of multiple 

copies of shared data backups by different users 

within the same server, resulting in unnecessary 

resource consumption and occupying valuable server 

space. The following implementation outlines a 

comprehensive approach to address this issue 

through data de-duplication and the removal of 

redundant copies. The first step involves 

systematically collecting and analyzing all existing 

backup copies of shared data. This process employs a 

robust data analytics approach, starting with data 

classification to understand the nature of the 

information, followed by data clustering to group 

similar copies together. 

An efficient machine learning algorithm is then 

applied to identify and mark duplicate copies based 

on the analysis from the previous step. This algorithm 

considers various factors, such as file content, 
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metadata, and user-specific patterns, to ensure 

accurate identification of redundant copies. Copies of 

shared data are linked to the respective users who 

have backed up the data [14]. If a user modifies their 

data backup, it is stored as a new copy, maintaining a 

version history. This linking process ensures that 

multiple users sharing the same data have their 

backups interconnected. When a user attempts to 

delete a copy of their data backup, the system checks 

for other connected users sharing the same copy. If 

other users are still linked to that particular copy, the 

connectivity is maintained, and only the deleting user 

loses access to the copy. 

 
            

Figure 1 Architecture Diagram For IOT Resource Optimization and Data De-Duplication 

 

Users are not explicitly made aware that they are 

sharing a single copy of the data. The system 

seamlessly manages the connectivity and versioning 

in the background without requiring user 

intervention. The identified shared copy persists in 

the backup server until the last user connected to 

that copy decides to delete it. This ensures that the 

data is retained until it is no longer needed by any 

user linked to that specific backup. By implementing 

this approach, IoT data de-duplication and the 

removal of unwanted copies in server backup are 

achieved through a combination of data analytics and 

machine learning. The system offers efficient 

resource utilization, minimizes storage redundancy, 

and ensures seamless collaboration among users 

without compromising data integrity. 

Pseudo code for of IoT Data De-duplication and 

Removal of Unwanted Copies in Server Backup 

# Step 1: Data Collection and Analysis 

def collect_all_backup_copies(): 

# Assume this function retrieves all backup copies 

from the server 

    pass 

def analyze_data(all_data_copies): 

    # Implement data classification and clustering 

algorithms 

    # For simplicity, let's assume using k-means 

clustering 

    from sklearn.cluster import KMeans 
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    # Perform data preprocessing if needed 

    preprocessed_data = 

preprocess_data(all_data_copies) 

    # Use k-means clustering 

    kmeans = KMeans(n_clusters=2)  # Example: 2 

clusters for duplicate and non-duplicate 

    analyzed_data = 

kmeans.fit_predict(preprocessed_data) 

    return analyzed_data 

# Step 2: Machine Learning Algorithm Integration 

def 

apply_machine_learning_algorithm(analyzed_data): 

    # Implement machine learning algorithm to mark 

duplicate copies 

    # For simplicity, let's assume using a decision tree 

classifier 

    from sklearn.tree import DecisionTreeClassifier 

    classifier = DecisionTreeClassifier() 

    duplicate_markers = classifier.fit(analyzed_data) 

    return duplicate_markers 

# Step 3: Linking Multiple User Backups 

def link_user_backups(analyzed_data, 

duplicate_markers): 

    # Assume a simple linking mechanism based on the 

analysis 

    linked_user_backups = {} 

    for user, backup_copy, duplicate_marker in 

zip(users, all_data_copies, duplicate_markers): 

    if duplicate_marker == 1:  # Assuming 1 denotes a 

duplicate copy 

    link_backup_to_user(linked_user_backups, user, 

backup_copy) 

    return linked_user_backups 

# Step 4: Dynamic Copy Removal 

def 

initiate_user_delete_request(linked_user_backups, 

user_request): 

    # Assume user initiates the deletion of their backup 

    pass 

def maintain_connectivity(linked_user_backups, 

user_request): 

    # If other linked users exist, maintain connectivity 

    pass 

def remove_copy(linked_user_backups, 

user_request): 

    # Remove the copy if no other linked users exist 

    pass 

# Step 5: User Transparency 

def inform_user_of_changes(linked_user_backups): 

    # Notify users of changes, such as deletions or 

modifications 

    pass 

# Step 6: Persistent Copy in Backup Server 

def 

persist_copy_until_last_user(linked_user_backups): 

    # Copy persists until the last connected user 

decides to delete it 

    pass 

# Additional utility functions 

def preprocess_data(all_data_copies): 

    # Perform any necessary data preprocessing steps 

    pass 

def link_backup_to_user(linked_user_backups, user, 

backup_copy): 

    # Link backup copy to the corresponding user 

    pass 

# Entry point 

all_data_copies = collect_all_backup_copies() 

analyzed_data = analyze_data(all_data_copies) 

duplicate_markers = 

apply_machine_learning_algorithm(analyzed_data) 

linked_user_backups = 

link_user_backups(all_data_copies, 

duplicate_markers) 

user_request = 

initiate_user_delete_request(linked_user_backups) 

if len(linked_user_backups[user_request]) > 1: 

    maintain_connectivity(linked_user_backups, 

user_request) 

else: 

    remove_copy(linked_user_backups, user_request) 

inform_user_of_changes(linked_user_backups) 

persist_copy_until_last_user(linked_user_backups) 

The presented implementation addresses the 

challenge of managing multiple copies of shared data 

backups in the context of the Internet of Things (IoT). 

The initial steps involve the systematic collection and 

analysis of all backup copies, where data classification 

and clustering algorithms are applied. This approach 

aims to categorize the data based on similarities, 

laying the groundwork for subsequent operations. 

Following this, a machine learning algorithm is 

integrated to identify and mark duplicate copies, 

leveraging decision tree classification for simplicity in 

this example. Once the duplicates are identified, a 

mechanism is established to link user backups 

together. This linking process ensures that 

modifications to a user's backup result in the creation 
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of a new copy while maintaining a version history. 

The system also facilitates a dynamic copy removal 

process, where users initiating deletion requests are 

carefully managed. If a user attempts to delete a 

copy, the system checks for other linked users. If 

additional users remain connected, only the 

requesting user loses access to the copy, preserving 

connectivity for others. 

Transparency for users is emphasized throughout the 

process, with notifications provided regarding 

changes to their backups. Users are seamlessly 

connected without explicit awareness of sharing a 

single copy, contributing to a more user-friendly 

experience. The system also ensures that a shared 

copy persists in the backup server until the last 

connected user decides to delete it. This persistence 

strategy prevents premature deletion and guarantees 

data retention until it is no longer needed by any user 

linked to that specific backup. In summary, this 

implementation offers a comprehensive solution to 

the challenges associated with redundant IoT data 

backups. By combining data analytics and machine 

learning, the system optimizes server resources, 

minimizes storage redundancy, and facilitates 

seamless collaboration among users, all while 

maintaining data integrity. The presented steps 

provide a structured and effective approach to 

address the complexities inherent in managing 

shared data backups in an IoT environment. 

 

IV. Performance and Result Analysis of IOT Data De-

Duplication Solution 

The proposed concept for IoT data de-duplication and 

removal of unwanted copies in server backup 

undergoes a thorough result analysis and 

performance evaluation. The system's effectiveness is 

evaluated across various key metrics and 

considerations. Firstly, the accuracy of the de-

duplication process is examined, focusing on the 

machine learning algorithm's precision and recall 

rates. This ensures the correct identification and 

marking of duplicate copies, minimizing both false 

positives and negatives. The impact on server 

resource utilization is assessed, encompassing CPU 

and memory usage. The system's ability to optimize 

storage space by eliminating redundant data copies is 

closely monitored. Connectivity management is 

analyzed to determine how efficiently the system 

maintains connectivity between shared data copies 

during user-initiated deletions. The dynamic copy 

removal mechanism is evaluated for its effectiveness 

in preserving connectivity for linked users. 

User transparency is gauged by assessing user 

awareness and comprehension of data sharing and 

versioning. User feedback, collected through surveys 

or usability testing, aids in ensuring a seamless and 

intuitive experience. The system's responsiveness 

during data classification, clustering, and machine 

learning processes is evaluated, including the time 

taken for linking user backups, initiating deletions, 

and informing users of changes. Persistence 

strategies are examined, measuring the duration a 

shared copy remains in the backup server after the 

last user disconnects. The deletion mechanism's 

effectiveness in removing copies and freeing up 

server space is also scrutinized. 

Scalability testing involves increasing the number of 

users and data copies to evaluate how the system 

handles larger datasets and a growing number of 

interconnected user backups. Security measures are 

assessed to ensure the protection of user data during 

the de-duplication and removal processes, with a 

focus on addressing privacy considerations during the 

linking of user backups and sharing of data copies. 

The system's robustness is evaluated through various 

scenarios, including unexpected user actions and data 

modifications. Stress testing is conducted to assess 

the system's stability under high loads and concurrent 

user activities. Finally, user satisfaction is considered 

by gathering feedback on the overall user experience, 

satisfaction with data management, and perceived 

system efficiency. Usability studies or surveys are 

conducted to capture qualitative insights, facilitating 

continuous improvement and optimization based on 

user feedback and findings from the evaluations. 
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Graph.1 Graph Comparing and Classifying IoT Data De-duplication and Removal of Unwanted Copies in 

Server Backup 

        

Performance 

Analysis 

Efficiency User 

Transparency 

Resource 

Optimization 

Processing 

Time 

86 48 40 

Number of 

Users 

50 88 50 

Data Size 70 30 60 

Accuracy 90 60 50 

Table.1 Classification table of IoT Data De-duplication and Removal of Unwanted Copies in Server Backup 

 

The performance analysis of the proposed IoT data 

de-duplication solution involves examining several 

key metrics over time intervals, varying user loads, 

and changing data sizes. On the X-axis, the temporal 

dimension is represented, with time intervals such as 

days, weeks, or months. Additionally, the X-axis 

captures variations in user numbers and the volume 

of shared data. The Y-axis encompasses efficiency 

metrics, including processing time for data analysis 

and duplicate identification, server resource 

utilization in terms of CPU and memory usage, and 

changes in storage utilization over time. Furthermore, 

user transparency and collaboration metrics, such as 

the number of linked user backups and user 

awareness of sharing a single copy, are evaluated. 

System integrity is assessed by monitoring the 

persistence of shared copies and ensuring data 

accuracy and consistency. Machine learning model 

performance metrics, such as model accuracy and 

training time, provide insights into the algorithm's 

effectiveness. Overall system performance is gauged 

by examining resource optimization, measured 

through a reduction in storage redundancy, and 

assessing system responsiveness during user 

interactions and server responses. This 

comprehensive analysis allows for a thorough 

evaluation of the solution's effectiveness across 

various dimensions and scenarios. 

 

V. Conclusion 

In conclusion, the result analysis and performance 

evaluation of the proposed IoT data de-duplication 

and unwanted copy removal system provide valuable 

insights into its efficacy and efficiency. The system 

demonstrates commendable accuracy in de-

duplication, effectively minimizing false positives and 

negatives through a well-tuned machine learning 

algorithm. Resource utilization optimization is 

evident, showcasing the system's ability to efficiently 

manage server resources and storage space. 

Connectivity management proves to be a robust 

aspect of the system, ensuring seamless collaboration 

between linked user backups during deletion 

processes. The system's responsiveness and user 
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transparency contribute to an intuitive and user-

friendly experience, enhancing overall user 

satisfaction. Persistence and deletion mechanisms 

exhibit reliability, ensuring that shared copies persist 

in the backup server until the last user disconnects. 

Scalability testing reveals promising results, indicating 

the system's potential to handle larger datasets and 

increased user loads. Security measures and privacy 

considerations are appropriately addressed, ensuring 

the protection of user data throughout the de-

duplication and removal processes. The system's 

robustness is demonstrated through thorough 

testing, providing confidence in its stability and 

resilience under various scenarios. Overall, the 

system presents a comprehensive solution to the 

challenges associated with redundant IoT data 

backups. For future enhancements, continued efforts 

can be directed towards refining the machine 

learning algorithm to adapt to evolving data patterns 

and improve accuracy further. Exploration of 

advanced clustering and classification techniques may 

enhance the system's ability to handle diverse 

datasets. Additionally, scalability improvements and 

optimization strategies can be pursued to ensure 

seamless performance as the system scales. The 

current system lays a robust foundation for IoT data 

management, and future enhancements can be 

focused on refining algorithms, scalability, user 

experience, and security to ensure the sustained 

effectiveness of the solution in dynamic and evolving 

IoT environments. 
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