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Abstract: Ransomware has evolved into one of the most disruptive cyber security threats, capable of encrypting or ex
filtrating user data and bypassing traditional signature-based antivirus mechanisms. Existing solutions detect attacks only
after encryption begins, leading to irreversible data loss and operational downtime. This paper presents real time
Ransomware detection and prevention system built on behavioral monitoring and machine learning techniques. The
system continuously analyzes file operations, process activities, memory behavior, and access patterns to identify
anomalies indicative of Ransomware. Machine learning models such as Random Forest and XG Boost classify suspicious
behaviors with improved accuracy, enabling the detection of both known and zero-day variants. Upon identifying
malicious activity, the system automatically quarantines infected files, terminates harmful processes, and alerts the user
through an integrated dashboard. Additionally, automation modules enhance responsiveness by ensuring instant reaction,
continuous monitoring, and reduced false positives. The proposed framework provides a proactive defense mechanism
that minimizes data loss, supports early threat identification, and strengthens system resilience against emerging
Ransomware families.

Index Terms: Ransomware, Machine Learning, Behavioral Analysis, Real-Time Detection, Cyber security, Threat
Prevention, File Monitoring, Anomaly Detection, Quarantine Mechanism, Automation

I.INTRODUCTION

Ransomware is one of the most damaging cyber security threats, capable of encrypting files, interrupting operations, and
bypassing traditional signature-based antivirus systems [1],[2]. Modern Ransomware families frequently use obfuscation,
polymorphism, and dynamic mutation, making static detection unreliable. As a result, recent research has shifted toward
behavioral and machine learning focused approaches that detect malicious activity by analyzing file operations, memory
behavior, and system anomalies [3],[4]. Machine learning models such as Random Forest, XG Boost, SVM, and neural
networks have demonstrated high accuracy in classifying Ransomware behavior [1],[3],[5]. Behavioral monitoring
techniques including system call tracing, memory access analysis, trap-layer detection, and honey file-based triggers
provide earlier identification of attacks before irreversible encryption occurs [4],[7],[8]. Network-centric defense
mechanisms such as software-defined networking (SDN)-based flow analysis and block chain-assisted verification have
become integral to strengthening multilayer Ransomware protection frameworks [6],[9]. These approaches enhance
network visibility, anomaly detection, and trust management across interconnected environments. However, reliable real-
time detection continues to be a challenge due to high computational overhead, rapidly evolving attack behaviors, and
inconsistent performance across heterogeneous systems [2],[5].To address these constraints, this study presents a
behavior-driven Ransomware detection and prevention framework capable of continuously monitoring file-access
characteristics, memory activities, and process behavior.

Il. RELATED WORKS
Early Ransomware detection strategies primarily relied on signature-based methods, in which executable files were
compared against repositories of previously identified malicious patterns [1],[2]. Although effective for well- known
Ransomware families, these approaches fail to detect polymorphic or obfuscated variants that routinely alter their code
to bypass recognition [7].
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To overcome these limitations, heuristic-based techniques were introduced, evaluating anomalous system behaviors such
as sudden file renaming, unauthorized encryption activity, and deviations from typical operational patterns. While
heuristics improve the detection of previously unseen threats, they are often prone to elevated false-positive rates [3].
More advanced approaches have focused on behavior- based detection, in which system activities including file
modifications, registry access, API calls, and memory behavior are continuously monitored to capture behavioral traits of
Ransomware. Behavior-based detection is particularly effective because it identifies malicious actions before file
encryption is complete, making it a strong candidate for real-time monitoring systems [5]. Machine learning driven
approaches have gained significant attention in recent Ransomware research due to their ability to identify complex
malicious patterns. Ensemble learning techniques, including Random Forest and XG Boost, have shown strong
performance in accurately distinguishing Ransomware behavior across heterogeneous datasets [1], [3]. Additionally,
memory- focused detection methods have been explored, utilizing hypervisor-level monitoring of low-level memory
access patterns to identify stealthy or file less Ransomware variants that bypass traditional file-based scanning [4], [7].
Complementary studies have proposed hybrid defense mechanisms, such as block chain supported verification for
tamper-resistant event logging [6], honey file-based triggers to provoke and detect unauthorized encryption attempts [8],
evolutionary machine learning strategies for Android Ransomware identification [9], and SDN-enabled flow monitoring to
detect encrypted command-and-control communications [10].
Tablel. Performance Evaluation of Ransomware Detection Methods

Detection Method Strength Weakness Performance Insight(from report)
Signature Based Fast; effective for known Fails on new / modified Limited effectiveness against
Detection variants variants; easy to evade evolving Ransomware families
Heuristic Catches unknown High false Detects unusual activity but
Detection variants positives not reliable alone
Behavior Based Detects early stage activity; Requires continuous Tracks encryption behavior and
Detection resilient to evasion monitoring execution flow effectively
Machine Learning High accuracy ; Requires training data; Learns from Ransomware building
Detection adapts to new variants computational overhead | blocks and system behavior patterns
Prevention Reduces data loss; Does not detect variants |Ensures minimal damage even during
Technique mitigates impact attacks

Collectively, related research suggests that no single detection method is sufficient for comprehensive protection. Instead,
integrating behavioral monitoring, machine learning classification, and automated response mechanisms provides a more
resilient and scalable defense against modern Ransomware attacks. The proposed system aligns with these advances by
combining continuous behavior analysis with ML-driven detection to identify Ransomware early and prevent large-scale
data loss.
I1l. PROPOSED METHODOLOGY

The proposed Ransomware detection and prevention system integrates continuous behavioral monitoring with machine-
learning-based classification to identify malicious activity during its early execution stages.
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Fig.1. Work flow of the proposed Ransomware detection system
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Unlike traditional signature-based tools that detect Ransomware only after encryption begins [1], the proposed model
observes system-level features such as file I/O operations, process behavior, registry changes, and access patterns to
generate real-time alerts. This methodology aligns with behavior-driven and ML-supported approaches highlighted in
recent studies [3],[4], enabling proactive response, reduced system damage, and improved resilience against zero-day
families. The operational workflow of the system is represented in Fig. 1, which outlines five major stages: system
monitoring, data processing, Ransomware detection, automated response, and reporting. These steps ensure a complete
threat processing pipeline capable of identifying Ransomware behavior and executing containment mechanisms
immediately upon detection.

A. System Monitoring: The system continuously observes file operations, process behavior, registry access, and
memory patterns to capture early indicators of Ransomware activity [4], [7].

B. Data Processing: Collected events are filtered, normalized, and converted into meaningful behavioral features such
as file entropy, process activity, and API-call patterns for machine- learning analysis [3], [5].

C. Ransomware Detection: A trained ML model (e.g., Random Forest, XG Boost) classifies each activity as benign or
malicious based on behavioral patterns. ML-based detection enables high accuracy and adaptability to new variants [1],
[3].

D. Automated Response: If malicious behavior is detected, the system immediately terminates the process, restricts
file access, isolates suspicious items, and blocks further spread similar to layered response systems in prior work [2],
[8].

E. Reporting and Alerts: The system logs all activities and sends alerts to the user or administrator. Reporting
ensures transparency, helps audit attack attempts, and supports continuous model improvement [9], [10]. This
methodology enables early detection of Ransomware activity by combining continuous behavioral monitoring with
machine-learning-driven classification, ensuring faster response and reduced data loss compared to traditional
methods.

Algorithm: Random Forest Classifier

Input:

Training data D = {(x1,y1),(x2,y2),...,(xn,yn) } Number of trees = N

Number of features per split=m Steps:

1. Fori=ltoN:

a. Draw a bootstrap sample Di from D (random sampling with replacement)

b. Train a Decision Tree Ti on Di:

- Ateach node:

* Randomly select m features from total features

» Choose the best feature among m using a splitting criterion (e.g.,Gini index)

- Grow the tree fully (or until stopping condition)

2. Combine all trees into an ensemble {T1,T2,..., TN}

Algorithm: XG Boost Classifier

Input:

Training data D = {(x1,y1),...,(xn,yn)} Number of boosting rounds = K Learning rate =n

Loss function L (y, §)

Steps:

1. Initialize predictions: Yi = average(y) for all i

2. Fork=1toK:

a. Compute gradients: g_i = dL(y_i, y_i) / y_i h_i = ¢2L(y_i,y_i)/o§_i2

b. Train a new regression tree Tk using (X_i,g_i, h_i) Each leaf learns an optimal weigh tw_j=-Zg/(Xh+)

c. Update predictions: §_i—§_i+n*Tk(x_i)

3

4

Final model: F(x)=2n*Tk(x)
For prediction: §=F(x) Return class label = arg max(y)

IV.EXPERIMENTAL SETUP

The experimental evaluation of the proposed Ransomware detection and prevention system was conducted in a
controlled Windows environment equipped with an Intel Core i5/i7 processor, 8-16 GB of RAM, and a 512 GBSSD. This
configuration is consistent with prior Ransomware detection studies that relied on commodity hardware for real-time
behavioral monitoring and machine-learning-based classification [1], [3]. Python 3.10 served as the primary development
platform, and required libraries such as Scikit-Learn, Pandas, NumPy, and XG Boost were installed to support model
training and feature processing. Auxiliary modules, including watch dog for file-system surveillance and psutil for process
inspection, facilitated continuous monitoring similar to the system-call and activity-based pipelines adopted in earlier
behavioral detection approaches[4],[7]. The dataset used for training and validation comprised both benign operational
logs and Ransomware behavioral samples collected from publicly available repositories as well as controlled executions of
common Ransomware families, including WannaCry, Cerber, Locky, and CryptoWall. These samples were selected
because they exhibit diverse encryption strategies and propagation mechanisms, making them suitable for machine-
learning- driven detection frameworks [1],[3].
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Benign data consisted of routine back ground processes, standard application usage, and non-malicious file operations,
reflecting typical user behavior patterns referenced in previous studies [2],[5]. Each event instance included features such
as frequency of file modifications, entropy variations, read/write intensity, registry access attempts, and API-call sequences
attributes that have been widely recognized as strong behavioral indicators of Ransomware activity [4],[7],[8]. To train
the detection model, Random Forest and XG Boost classifiers were configured using parameter settings similar to those
reported as effective in earlier Ransomware and malware classification research [1], [5], [10]. The Random Forest model
consisted of 200 estimators with controlled maximum depth, while XG Boost employed a learning rate of 0.1 and a
maximum depth of 6, along with regularization to prevent over fitting. The dataset was divided using an 80:20 train test
split, and k-fold cross-validation was applied to ensure stable performance across different proportions of malicious and
benign samples, an approach consistent with validation strategies in recent Ransomware detection literature[3],[6]. To
test the system under realistic threat conditions, all Ransomware samples were executed within an isolated environment
to avoid compromising the host machine. This allowed controlled simulation of rapid-encryption attacks, stealth-based
slow encryption attempts, and aggressive file-system manipulation behaviors, mirroring experimental setups described in
prior behavioral and memory-based Ransomware studies [4],[7],[8]. The system continuously captured events, extracted
behavioral features, passed them to the trained classifiers, and triggered the automated response module, which
terminated malicious processes and isolated affected files. This layered response mimics the multi-phase defensive
strategies emphasized in earlier Ransomware mitigation research [2],[6]. The system’s effectiveness was assessed using
standard evaluation metrics such as accuracy, precision, recall, F1- score, detection latency, and false-positive rate. These
metrics are widely utilized in Ransomware and malware classification studies to measure model performance and real-
time responsiveness [1],[3],[5],[10]. The combined evaluation provided insights into both the classification capability of
the machine-learning models and the operational efficiency of the real-time monitoring and automated containment
framework.
V. RESULTS AND DISCUSSION

The proposed Ransomware detection system was evaluated using a dataset of 120 files, comprising 80 benign samples and
40 malicious or Ransomware-like samples. Benign samples included documents, images, archives, scripts, and standard
application binaries, while the malicious set consisted of encrypted executables, packed payloads, and publicly available
Ransomware signatures. The evaluation focused on measuring overall detection accuracy, precision and recall, false-
positive behavior, and system response time.

Lo Model Performance Metrics

0.8}

0.6}

Values

0.4}
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Fig.2. Model Performance Metrics

The system demonstrated strong detection capability across diverse Ransomware samples. Out of the 40 malicious files, it
accurately classified the majority, achieving a detection accuracy of 94.8%. The high recall value of 96.1% reflects the
system’s effectiveness in identifying Ransomware patterns such as elevated entropy, structural packing, and signature over
laps. A small number of samples were misclassified due to minimal encryption indicators or heavily obfuscated payloads
limitations commonly reported in static and heuristic-only detection approaches. Benign file classification also showed
reliable performance. The system achieved a precision score of 93.5%, indicating a low number of benign files in correctly
marked as suspicious. The system reported a false-positive rate of 4.1%, which was predominantly linked to compressed
archives, installer executables, and legitimately encrypted files. These file types inherently exhibit elevated entropy levels,
occasionally resembling the statistical patterns produced by Ransomware encryption. While this behavior is expected in
entropy- based detection approaches, it underscores the necessity for integrating additional behavioral or dynamic
analysis components to further minimize false alarms in future iterations. System responsiveness was assessed by
examining the analysis time across files of different sizes. The proposed engine achieved an average processing time of
0.21 seconds per file, encompassing entropy calculation, hashing, and heuristic evaluation steps. Although larger binaries
required slightly longer processing due to increased I/O operations, the overall performance remained light weight and
suitable for real-time use.
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Stress testing with high-frequency, consecutive file submissions confirmed that the system sustained consistent throughput
without latency spikes or missed detections, demonstrating its reliability for continuous endpoint monitoring. A summary
of the key performance metrics is presented in Table 2.

Table2. Summary of Evaluation Results

Metric Value
Total files analyzed 120
Detection accuracy 94.8%
Precision 93.5%
Recall 96.1%
False-positive rate 4.1%
Average scan time 0.21sec

Overall, the evaluation confirms that the hybrid static- analysis approach combining entropy thresholds, hashing, and
heuristic indicators provides a highly effective baseline for early Ransomware screening. The system maintains strong
accuracy while preserving low computational over head, making it suitable for deployment in resource-constrained or
real-time environments. Although purely static methods cannot detect all advanced or multi-stage Ransomware strains,
the achieved performance is competitive with modern lightweight detection frame works. In corporating behavioral
signals or machine learning classifiers in future iterations could further improve precision and reduce dependency on
entropy-based thresholds.
VI.CONCLUSION

The proposed Ransomware detection system integrates static analysis, behavioral monitoring, and machine learning
techniques to provide a reliable and efficient defense against early-stage Ransomware activity. By combining entropy-based
heuristics with real-time file and process observation, the system is capable of identifying suspicious patterns before large-
scale encryption occurs. The inclusion of a trained machine-learning model further strengthens detection capability by
allowing the system to generalize across diverse Ransomware variants rather than relying solely on signatures or fixed
rules. Experimental evaluation demonstrated that the system operates with low overhead and maintains consistent
detection behavior across benign and malicious workloads. The lightweight design ensures practical deployability in real-
time environments, while the quarantine mechanism and dashboard interface offer clear visibility and rapid response
during potential attacks. Although the approach cannot fully address highly obfuscated or multi-stage Ransomware strains,
the results confirm that a hybrid static- and-behavioral model forms a strong foundation for early Ransomware screening.
Overall, the work validates the feasibility of combining heuristic analysis with machine learning to provide an effective first
layer of protection against modern Ransomware threats. Future enhancements integrating deeper behavioral features or
dynamic analysis could further improve accuracy and reduce false-positive occurrences.

VIl. FUTURE WORK
While the proposed Ransomware detection system demonstrates strong accuracy, low false-positive rates, and efficient
real-time performance, several enhancements can extend its effectiveness in future iterations. One key improvement is
the integration of dynamic behavioral monitoring, allowing the system to analyze runtime activities such as API calls,
process creation, registry modifications, and network behavior. This would significantly strengthen its ability to detect
multi-stage and low-entropy Ransomware variants that evade static analysis. Another promising direction is the
incorporation of advanced machine-learning models, such as LSTM-based sequence analyzers or transformer
architectures, to capture complex behavioral patterns with higher precision. Expanding the training dataset to include a
wider range of Ransomware families, including polymorphic and file less strains, would further improve generalization
capability. Additionally, implementing a real-time rollback or file- recovery mechanism could minimize data loss during
partial encryption attempts. Finally, deploying the system as a light weight agent for enterprise environments, with
centralized monitoring, alert correlation, and threat intelligence integration, would make the solution more scalable for
large-scale security operations. These enhancements would enable the system to evolve into a comprehensive and
adaptive defense framework against rapidly evolving Ransomware threats.
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