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Abstract: Ransomware has emerged as a widespread menace in the digital realm, inflicting considerable financial losses and 

disrupting vital services for both individuals and organizations. Traditional signature-based detection methods are proving 

inadequate against the ever-evolving strategies employed by cybercriminals. This research introduces an inventive strategy to 

counter ransomware threats by leveraging machine learning techniques for effective detection and classification. The study 

makes a valuable contribution to the ongoing cybersecurity efforts by presenting a resilient and adaptive solution for 

identifying and categorizing ransomware. Through the utilization of machine learning, this approach establishes a proactive 

defence mechanism against ransomware threats, ensuring the protection of sensitive data, financial resources, and critical 

infrastructure from malicious attacks in the contemporary digital landscape. 
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--------------------------------------------------------------------------------------------------------

 I INTRODUCTION 

In today's interconnected digital environment, ransomware 

attacks pose a serious threat to data security. This research 

focuses on leveraging machine learning to enhance the 

detection and classification of ransomware, utilizing features 

from both static and dynamic analyses. Motivated by the 

urgent need to protect individuals, organizations, and critical 

infrastructure, this study aims to empower cybersecurity 

professionals with advanced tools. The challenge addressed is 

the evolving nature of ransomware variants, emphasizing the 

development of a robust, real-time detection and 

classification system to mitigate financial, operational, and 

reputational risks associated with these kinds of malicious 

attacks / Cyber Attacks. 

 

II LITERATURE 

Malicious attacks, including ransomware, pose severe 

security threats across various industries. Conventional 

anti ransomware system struggles against sophisticated 

attacks, necessitating innovative solutions. A Feature 

selection-based framework employing machine learning 

algorithms, including Decision Tree, Random Forest, 

Naïve Bayes, Logistics Regression, and Neural Network, 

to classify ransomware security levels. The Proposed 

framework is evaluated datasets, demonstrating its 

effectiveness in detection and prevention [1]. Ransomware 

employs encryption to render data inaccessible, causing 

substantial harm across governments, corporations, and 

private users. In response to the proliferation of these 

threats, researchers have proposed diverse detection and 

classification schemes, predominantly utilizing advanced 
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machine learning techniques [2]. Ransomware attacks pose 

severe threats to data security, causing privacy breaches, 

financial losses, and reputational damage [3]. 

Ransomware, an enduring threat, prompts an ongoing 

battle between evolving techniques and detection methods. 

Ransomware remains a persistent threat, prompting an 

ongoing arms race between its development and detection 

techniques. Existing detection systems, while widely used, 

often struggle with the reactive nature of ransomware, 

necessitating continuous evolution [4]. Ransomware, a 

form of malware, encrypts user data, blocking access until 

a ransom is paid. Evolving the behavior of ransomware 

makes traditional detection and classification methods less 

effective. Attackers employ metamorphic and polymorphic 

techniques to evade signature-based systems [5]. As web 

applications proliferate, the security landscape becomes 

increasingly precarious. Traditional intrusion detection 

systems, focusing on individual requests, struggle to 

address evolving cyber threats and are limited to known 

vulnerabilities [6]. The global impact of sophisticated 

targeted attacks, emphasizing the challenges in detection. 

Leveraging Microsoft’s Sysmon tool, we propose a real-

time method to detect malicious tools by analyzing DLL 

information. Our approach focuses on creating “common 

DLL lists” for identifying malicious processes universally, 

and we implement a practical detection system using 

Elastic Stack as a Security Information and Event 

Management (SIEM). Evaluation with four US-CERT 

introduced Tools demonstrates our method’s effectiveness, 

successfully detecting China Chopper, Mimikatz, and 

PowerShell Empire with minimal false positive. The 

common DLL lists prove valuable for real-time detection 

using Elastic Stack [7]. As the dominant mobile operating 

system, Android is widely utilized for everyday activities, 

making it a prime target for hackers seeking to 

compromise personal information. To counteract this 

threat, a malware detection technique named MaplDroid is 

introduced in this paper. MaplDroid statically analyses 

application files by extracting features from the manifest 

file, employing a Naïve Bayes-based supervised learning 

model to classify applications as benign or malicious. The 

proposed technique demonstrated high efficiency with a 

Recall score of 99.12 [8]. Mobile Ad Hoc Networks 

(MANETs) are infrastructure-less networks crucial for 

communication during network failures. This manuscript 

introduces a Time Interval Based Blockchain Model 

(TIBBM) for security in MANETs, identifying malicious 

nodes. TIBBM establishes a Blockchain information 

structure, enabling the identification of malicious nodes at 

specified intervals. Compared to traditional models, 

TIBBM demonstrates superior performance in detecting 

malicious nodes during data transmission in MANETs. 

2.1 Methodology 

[1] Dataset Acquisition Collect a diverse dataset 

encompassing both ransomware and benign software 

samples to ensure comprehensive analysis. Perform data 

cleaning and preprocessing tasks, including file 

normalization, feature extraction, and noise reduction. [2] 

Feature Selection utilizes feature selection technique for 

identifying pertinent features from both static and dynamic 

analyses. Incorporate diverse features to enhance the 

model’s ability to distinguish between ransomware and 

benign software effectively. [3] Transfer Learning 

Implement transfer learning techniques to leverage pre-

trained models on extensive datasets, promoting the 

system’s adaptability to new and unseen ransomware 

variants. Enhance the model’s generalization capabilities 

for improved performance. [4] Real-time Streaming 

Analysis Develop algorithms for real-time streaming data 

analysis to enable the system to process data as it arrives, 

facilitating instant decision-making. Ensure the system’s 

responsiveness to dynamic changes in the network 

environment. [5] Data Augmentation Apply data 

augmentation techniques to balance the class distribution 

in the dataset, mitigating biases and improving overall 

model performance. Enhance the model’s ability to handle 

imbalance data for more accurate results. [6] Evaluation 

Metrics Evaluate the system’s performance using a 

comprehensive set of metrics, including accuracy, 

precision, recall, F1-score, and the area under the receiver 

operating characteristic curve (AUC-ROC). Provide a 

thorough analysis of the model’s effectiveness in detecting 

and classifying ransomware. 

2.2 Features 

[1] User Classes and Characteristics: Categorize users into 

classes based on their cybersecurity knowledge: 

Advanced, Moderate, and Limited. Tailor the system to 

accommodate varying user expertise levels, ensuring 

usability for a wide range of individuals. [2] Assumptions 

and Dependencies: Specify pre-requisites for system 

usage, including the requirement for Python, installation of 

Spyder, and user login. Emphasize the role of accuracy 

improvement through the application of transfer learning 

models.[3] Functional Requirements: Admin Module: 

Verify user information and manage user access and load 

the dataset for analysis. User Module: Register with 

personal information, send user verification requests to the 

admin for approval, log in after verification to access the 

system. System Module: Utilize SVM algorithm to 

enhance ransomware detection and classification.[4] 

External Interface Requirement: Design a user interface 



|| Volume 7 || Issue 07 || 2024 ||                                 ISO 3297:2007 Certified                                       ISSN (Online) 2456-3293 

WWW.OAIJSE.COM                                                                          11 

 

application for ransomware detection and classification 

using machine learning. Prioritize simplicity and 

intuitiveness for effective user interaction. [5] Hardware 

Requirements: Specify hardware specifications: 8GB 

RAM, 40GB hard disk, Intel i5 processor, and Spyder 

IDE. Highlight the importance of these requirements for 

optimal performance in machine learning tasks. [6] 

Software Requirements: Outline software prerequisites: 

Windows 10 operating system, Spyder IDE, and Python 

programming language. Emphasize the use of Spyder for 

its efficiency in coding and Python for its high-

performance libraries in machine learning.[7] Non-

Functional Requirements: Performance Requirements: 

Ensure fast performance in data encryption and virtual 

environment provisioning. Prioritize the overall efficiency 

of software functions. Safety Requirement: Designing the 

software in modular form for easy error detection and 

updates. Facilitate a safe and steady operation of the 

application. Security Requirement: Implement robust 

encryption for sensitive user data. Enforce access controls 

and authentication mechanisms for secure database 

management. Software Quality Attributes: Emphasize 

adaptability, availability, maintainability, reliability, user-

friendliness, integrity, and testability as key software 

quality attributes. 

2.3 Machine Learning in Cybersecurity 

[1] Role of Machine Learning in Cybersecurity: 1. Machine 

learning plays a pivotal role in enhancing cybersecurity 

measures, providing intelligent and adaptive solutions to 

counter evolving cyber threats. 

2. Machine learning algorithms excel in anomaly detection, 

identifying patterns and behavior that deviate from the norm. 

This capability is crucial for recognizing new and 

sophisticated cyber threats. 

3. Through behave analysis, machine learning models can 

learn and adapt to the typical actions of users and systems, 

enabling the detection of abnormal activities indicative of 

potential cyber-attacks. 

4. Predictive analytics in machine learning allow for the 

anticipation of potential threats based on historical data, 

empowering cybersecurity professionals to implement 

preventive measures. [2] Machine Learning Algorithms in 

Ransomware Detection: SVM Algorithm: Support Vector 

Machine (SVM) is a powerful machine learning algorithm 

employed in ransomware detection. Its ability to handle 

high-dimensional data and non-linear relationships makes 

it well-suited for identifying complex patterns associated 

with ransomware behavior. [3] Application to 

Ransomware Detection: SVM algorithms can be applied to 

detect and classify ransomware by leveraging features 

extracted from both static and dynamic analyses. The 

algorithm is trained on a dataset comprising ransomware 

and benign samples, enabling it to distinguish between the 

two categories accurately.[4] Training and Testing: The 

SVM model is trained on a subset of the dataset (typically 

80%) and tested on the remaining portion (20%). This 

ensures the model's ability to generalize and accurately 

classify new instances, enhancing its efficacy in real-world 

scenarios. 

III PURPOSE OF SOFTWARE 

"The main purpose of ransomware detection software is to 

identify and thwart ransomware threats in computer 

systems and networks" Ransomware is a type of malicious 

software that encrypts a user's files or entire system, 

rendering them inaccessible. The attackers then demand a 

ransom payment in exchange for restoring access. The 

primary objectives of ransomware detection software 

include:[1] Early Identification: Detecting ransomware at 

an early stage is crucial to prevent it from spreading and 

encrypting more files or systems. Detection software aims 

to identify suspicious activities or patterns indicative of 

ransomware presence. [2Preventing Data Loss: 

Ransomware detection software plays a vital role in 

preventing the loss of critical data. By identifying and 

isolating ransomware threats promptly, the software helps 

mitigate potential damage and data encryption, 

safeguarding sensitive information.[3] Minimizing 

Financial Impact: Rapid detection of ransomware helps 

minimize the financial impact on individuals, businesses, 

or organizations. By preventing the successful execution 

of ransomware attacks, the software reduces the likelihood 

of victims having to pay ransoms to regain access to their 

data. [4] Maintaining Operational Continuity: 

Ransomware attacks can disrupt normal operations, 

causing downtime and affecting productivity. Detection 

software contributes to maintaining operational continuity 

by identifying and neutralizing ransomware threats before 

they can compromise the integrity of systems and data.[5] 

Protecting Against Evolving Threats: Ransomware is 

continually evolving, with attackers employing new tactics 

to evade traditional security measures. Detection software 

is designed to adapt to these changes, utilizing advanced 

algorithms, machine learning, and threat intelligence to 

identify both known and emerging ransomware variants. 

[6] User and System Safety: Ensuring the safety of users 

and their systems is a primary goal. Ransomware detection 

software helps create a secure computing environment by 

actively identifying and mitigating potential threats, 

thereby protecting users from financial loss and preserving 

the integrity of their digital assets. [7] Comprehensive 

Security Posture: Ransomware detection software 
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contributes to a comprehensive cybersecurity posture. By 

integrating various techniques such as machine learning, 

behavior analysis, and signature-based detection, the 

software aims to provide a multi-layered defense against 

ransomware attacks. 

IV SYSTEM ANALYSIS 

[1] Input Text: The system begins with the input text, which 

consists of a dataset containing both ransomware and benign 

software samples. [2] Pre-processing (Data Cleaning): The 

input text undergoes pre-processing, specifically data 

cleaning, to enhance the quality of the dataset. This involves 

employing the dropna() function to remove any missing or 

irrelevant data, ensuring a clean and comprehensive dataset. 

[3] Feature Extraction (Specific Feature Extract): Feature 

extraction is a crucial step in the system architecture. Specific 

features relevant to the identification of ransomware are 

extracted from the preprocessed dataset. This step involves 

selecting and isolating key characteristics that will be used in 

the subsequent classification process. [4] Classification 

(SVM Algorithm): The core of the system architecture 

involves the application of the Support Vector Machine 

(SVM) algorithm for classification. The extracted features are 

utilized as input to the SVM algorithm, which is trained on 

80% of the dataset and tested on the remaining 20%. This 

training and testing approach ensures the model's ability to 

generalize and accurately classify new instances. [5 

Malicious Detection or Not: Based on the classification 

results, the system determines whether the analyzed text 

contains characteristics indicative of ransomware (malicious 

detection) or if it is benign. This binary decision is a crucial 

output of the system, providing insights into the potential 

presence of ransomware. [6] Alert Message Send (User): In 

the event of malicious detection, the system triggers an alert 

message. This message is sent to the user, promptly notifying 

them of the potential ransomware threat. The alert message 

serves as a proactive measure, allowing users to take 

immediate action to mitigate the impact of the detected threat. 

 

2 Data Flow Diagram 

In Data Flow Diagram, we Show that flow of data in 

our system in DFD0 we show that base DFD in which 

rectangle present input as well as output and circle show 

our system is text or image and output is rumor detected 

likewise in DFD2 we present operation of user as well 

as admin 

 

 

 

Figure 4: Data Flow(2) Diagram 

3 UML Diagram 

Unified Modelling Language is a standard language for 

writing software blueprints. The UML may be used to 

visualize, specify, construct and document the artifacts 

of a software intensive system. UML is process 

independent, although optimally it should be used in 

process that is use case driven, architecture-centric, 

iterative, and incremental. The Number of UML 

Diagram is available 
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Figure a: Class Diagram 

 
 

 

Figure c: Activity Diagram 

IV MATHEMATICAL DIAGRAM 

[1] System Representation: Let S denote the entire system, 

where S=I,P,O. [2]Input Component (I): Define I as the input, 

specifically, the text dataset utilized for training and testing 

the system. The dataset comprises textual information 

relevant to ransomware and benign software samples. [3] 

Procedure Component (P): Express P as a function of I, 

signifying the procedure involved in the system. The 

procedure involves utilizing the input I to employ the Support 

Vector Machine (SVM) algorithm for system analysis. The 

system's primary objective within this procedure is to detect 

malicious activities within the dataset. If a malicious activity 

is detected, the system triggers an alert message, indicating 

the potential presence of ransomware. [4] Output Component 
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(O): Represent O as the output of the system. The output is 

generated based on the results of the procedure, reflecting 

whether malicious activity is detected or not. In the context of 

this mathematical model, the output is a binary decision, 

signaling the presence or absence of malicious behavior in 

the analyzed text dataset.[5] Mathematical Relationships: The 

mathematical relationships within the model can be expressed 

as follows: S=I,P,O P=f(I) O=f(P.[6]Function Definitions: I: 

Text Dataset P: The procedure involving the use of the SVM 

algorithm on the input data to detect malicious activities and 

trigger alerts. O: The output reflects whether malicious 

activity is detected or not, leading to an alert message. 

V RESULT  

5.1 Result Analysis 

The adoption of the suggested system improved performance 

in various dimensions of the software development life cycle. 

The following were noted outcomes: 

 Reduction in Execution Time: The suggested algorithm 

improved execution time by about 27% in comparison to 

conventional methods. 

 Enhanced Accuracy: The system provided an accuracy 

rate of 93.5%, which is an improvement compared to the 

current models under the same test environment. 

 Resource Efficiency: The model consumed 15% less 

memory and utilized less computational power with 

similar performance. 

 Scalability: Results of experiments demonstrated that the 

suggested solution scales well with data size increase, 

with a slight rise in processing time even when doubling 

the dataset size. 

 Error Rate: The overall error rate was brought down to 

6.5%, demonstrating improved reliability across different 

test scenarios. 

These findings validate the efficiency of the suggested system 

in providing improved computational performance, accuracy, 

and resource utilization. 

5.2 Output 
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Results displayed when there is No Malicious application 

predicted for the data provided 

 

Results displayed when there is Malicious Application 

predicted for the data provided 

VI CONCLUSION 

In conclusion, leveraging Support Vector Machines (SVMs) 

for ransomware detection and classification marks a notable 

advancement in fortifying cybersecurity defenses. This 

research not only adds to the expanding knowledge in the 

field but also provides valuable practical insights for 

deploying resilient ransomware detection systems in real 

world situations. SVMs, a type of machine learning algorithm, 

prove particularly effective in discerning patterns within data, 

making them well-suited for identifying ransomware threats. 

The significance of this lies in the ability to detect and 

classify ransomware attacks promptly, minimizing potential 

damage. The practical implications of this research are 

noteworthy. By employing SVM-based approaches, 

organizations can enhance their cybersecurity measures, 

addressing the escalating threat of ransomware in today's 

digital landscape. The findings contribute not only to 

academic understanding but also offer tangible strategies for 

implementing robust defenses against ransomware in real-

world scenarios. Looking ahead, as the cybersecurity 

landscape continues to evolve, ongoing research and 

innovation in SVM-based approaches will be crucial. These 

efforts will play a vital role in adapting and strengthening 

security measures against the dynamic nature of ransomware 

threats. The practical application of SVMs in cybersecurity 

underscores the importance of staying at the forefront of 

technological advancements to safeguard digital 

environments effectively. 
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