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Abstract 

Denial of Service (DoS) and Distributed Denial of Service (DDoS) attacks constitute a persistent and 

evolving threat to networked systems, targeting the availability component of the CIA triad. This paper 

presents a technical and research-oriented examination of forensic methodologies for analysing DoS 

attacks. It explores attack taxonomies, packet-level behaviour, data acquisition strategies, traffic 

characterization, attribution challenges, and advanced analytical techniques including statistical 

modelling and cyber security. The study evaluates forensic tools, proposes a structured investigation 

workflow, and discusses legal admissibility considerations in line with IEEE-style reporting. 
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1. INTRODUCTION 

 

The proliferation of distributed systems, 

cloud computing, and Internet of Things 

(IoT) devices has significantly expanded 

the attack surface for adversaries. DoS and 

DDoS attacks aim to exhaust 

computational, memory, or bandwidth 

resources, rendering services unavailable. 

From a forensic perspective, these attacks 

produce large volumes of traffic, making 

analysis both data-rich and complex. 

Unlike traditional attacks focused on data 

exfiltration, DoS attacks emphasize service 

disruption, requiring investigators to focus 

on traffic behavior and temporal 

correlations rather than payload content 

alone. 

 

2. Technical Background 

2.1 Network Stack Exploitation 

DoS attacks target multiple layers of the 

TCP/IP stack. At the network layer, 

attackers employ ICMP floods to 

overwhelm routing and processing capacity. At the 

transport layer, SYN floods and UDP floods 

exploit protocol weaknesses to exhaust connection 

tables and bandwidth. At the application layer, 

HTTP floods generate seemingly legitimate 

requests that overload web servers. Each layer 

produces distinct forensic artifacts that can be 

analyzed to identify attack patterns. 

 

2.2 TCP SYN Flood Mechanics 

The TCP three-way handshake is exploited in SYN 

flood attacks by initiating a large number of 

connection requests without completing the 

handshake. The server responds with SYN-ACK 

packets and allocates resources for each 

connection, but since the final acknowledgment is 

never received, the server accumulates half-open 

connections, eventually exhausting its resources 

and denying service to legitimate users. 

 

2.3 Amplification Attacks 

Amplification attacks leverage misconfigured 

servers to multiply traffic volume. In such attacks, 

a small query is sent with a spoofed source IP 



address, causing the server to send a 

significantly larger response to the victim. 

Protocols such as DNS and NTP are 

commonly abused in this manner, making 

these attacks highly efficient and difficult 

to trace. 

 

 

3. Digital Forensics Framework 

Digital forensics in the context of DoS 

attacks follows a structured lifecycle 

consisting of identification, preservation, 

collection, analysis, and reporting. During 

identification, indicators such as abnormal 

traffic spikes are detected. Preservation 

ensures that volatile and non-volatile data 

are secured without alteration, often using 

cryptographic hashing techniques such as 

SHA-256 to maintain integrity. Collection 

involves gathering data from sources such 

as packet captures, logs, and network 

devices. Analysis focuses on identifying 

patterns and correlating events, while 

reporting presents findings in a legally 

admissible format. 

 

4. Traffic Forensics 

4.1 Packet Analysis 

Packet-level analysis involves examining 

captured network traffic to identify 

anomalies such as malformed packets, 

unusual protocol behavior, and repeated 

request patterns. Tools like Wireshark 

allow investigators to inspect headers and 

payloads in detail, enabling the 

identification of suspicious characteristics 

that indicate DoS activity. 

 

4.2 Flow-Based Analysis 

Flow-based analysis aggregates traffic into 

flows defined by attributes such as source 

and destination IP addresses, ports, and 

protocols. This approach reduces data 

volume while preserving essential 

behavioral information, making it suitable for 

large-scale forensic investigations. 

 

4.3 Statistical Methods 

DoS traffic often exhibits distinguishable 

statistical properties. These include extremely high 

packet rates, consistent packet sizes, and uneven 

distribution of source IP addresses. Such 

characteristics can be modeled to differentiate 

between normal and malicious traffic. 

4.4 Entropy-Based Detection 

Entropy-based techniques measure the 

randomness of traffic attributes to detect 

anomalies. A significant deviation in entropy 

values, particularly in source IP distributions, may 

indicate spoofing or coordinated botnet activity, 

making entropy a useful metric in forensic 

analysis. 

 

5. Detection Techniques 

5.1 Signature-Based Methods 

Signature-based detection relies on predefined 

patterns associated with known attacks. While 

effective for detecting previously identified 

threats, this method lacks adaptability and is 

ineffective against novel or evolving attack 

strategies. 

 

5.2 Anomaly-Based Methods 

Anomaly-based detection establishes a baseline of 

normal network behavior and identifies deviations 

from this baseline. This approach is more flexible 

than signature-based detection but may produce 

false positives if the baseline is not accurately 

defined. 

 

5.3 Cyber security  Models 

Cyber security  approaches enhance detection by 

learning patterns from data. Algorithms such as 

Support Vector Machines and Random Forest 

classifiers analyze features like flow duration, 

packet size, and protocol distribution to distinguish 

between normal and attack traffic. Unsupervised 

methods such as K-Means clustering provide 



additional insights by grouping similar 

traffic patterns without labeled data. 

 

5.4 Deep Learning 

Deep learning techniques, including Long 

Short-Term Memory (LSTM) networks 

and Convolutional Neural Networks 

(CNN), are capable of capturing complex 

temporal and spatial patterns in network 

traffic. These models are particularly 

useful for detecting sophisticated and 

evolving attack behaviors 

 

6. Forensic Tools 

A variety of tools are used in DoS forensic 

analysis. Packet analysis tools such as 

Wireshark and tcpdump enable detailed 

inspection of network traffic. Security 

Information and Event Management 

(SIEM) platforms like Splunk and the ELK 

stack provide log aggregation and 

correlation capabilities. Intrusion 

Detection Systems such as Snort and 

Suricata detect malicious activity in real 

time, while forensic suites like Autopsy 

and FTK assist in evidence examination 

and reporting. 

 

7. Case Study: SYN Flood 

7.1 D7.1 Data Collection 

In a typical SYN flood scenario, data is 

collected from packet capture systems, 

firewall logs, and server connection tables. 

These sources provide a comprehensive 

view of the attack and its impact on system 

resources. 

 

7.2 Findings 

Analysis reveals that SYN packets 

dominate the traffic, often accounting for 

more than ninety percent of total packets. 

Additionally, a large number of half-open 

connections are observed, indicating 

resource exhaustion. 

 

7.3 Mitigation 

Mitigation strategies include enabling SYN 

cookies, implementing rate limiting, and 

configuring access control mechanisms to filter 

malicious traffic. 

 

8. Attribution Challenges 

Attribution of DoS attacks is inherently difficult 

due to techniques such as IP spoofing, the use of 

distributed botnets, and anonymization through 

proxies and  

 

VPNs. Reflection and amplification further 

complicate attribution by involving intermediary 

systems that are not the original attackers. 

 

9. Legal Considerations 

Legal aspects of forensic analysis include 

maintaining a proper chain of custody to ensure 

evidence integrity and admissibility. 

Cryptographic hashing is used to verify that 

evidence has not been altered. Investigators must 

also comply with privacy regulations and data 

protection laws while conducting their analysis. 

 

10. Challenges 

Modern DoS forensics faces several challenges, 

including the analysis of high-volume traffic data, 

the increasing use of encryption, and the 

complexity of cloud-based infrastructures. 

Dynamic IP allocation and rapidly evolving attack 

techniques further complicate forensic 

investigations. 

 

11. Emerging Trends 

Emerging trends in DoS forensics include the use 

of artificial intelligence for automated detection 

and response, the development of cloud-based 

forensic frameworks, and the growing impact of 

IoT botnets. Software-defined networking (SDN) 

is also being explored for dynamic traffic 

management and mitigation. 

 



12. Proposed Model 

The proposed forensic investigation model 

begins with detection through monitoring 

systems, followed by traffic capture using 

packet and flow-based tools. The captured data 

is preprocessed to remove noise and extract 

relevant features. Cyber security  techniques 

are then applied for classification, and the 

results are correlated with system logs to 

identify attack patterns. Finally, attribution is 

attempted, and findings are documented in a 

comprehensive report. 

 

13. Methodology 

13.1 Dataset Description 

The experimental evaluation utilizes 

benchmark intrusion detection datasets 

such as CICDDoS2019 and the CAIDA 

DDoS dataset. These datasets provide 

labeled network traffic containing both 

benign and malicious flows, enabling 

effective training and evaluation of 

detection models. 

 

13.2 Data Preprocessing 

The preprocessing stage involves cleaning 

the dataset by removing redundant or 

corrupted records, normalizing numerical 

features to ensure consistency, and 

encoding categorical attributes such as 

protocol types. Traffic is then aggregated 

into flows using the standard five-tuple 

representation to facilitate analysis. 

 

13.3 Feature Extraction 

Feature extraction focuses on identifying 

attributes that effectively distinguish DoS 

traffic from normal traffic. These include 

flow duration, packet count, byte count, 

average packet size, inter-arrival time, and 

SYN/ACK ratio. These features capture 

both temporal and statistical characteristics 

of network behavior. 

 

13.4 Model Selection 

The study employs cyber security  models 

including Support Vector Machines, Random 

Forest classifiers, and K-Means clustering. 

Supervised models are trained on labeled data, 

while unsupervised methods provide baseline 

clustering for comparison. 

13.5 Evaluation Metrics 

Model performance is evaluated using metrics 

such as accuracy, precision, recall, and F1-score. 

These metrics provide a comprehensive 

understanding of classification effectiveness, 

while confusion matrix analysis helps identify 

misclassification patterns. 

 

14. Experimental Results 

14.1 Classification Performance 

The experimental results demonstrate that the 

Random Forest classifier achieves the highest 

accuracy, approximately ninety-eight percent, due 

to its ensemble learning capability. The Support 

Vector Machine also performs well, achieving 

around ninety-six percent accuracy with strong 

generalization. In contrast, the K-Means clustering 

approach shows comparatively lower performance 

due to its unsupervised nature. 

 

14.2 Analysis of Results 

The results indicate high recall values, suggesting 

effective detection of attack traffic. Precision 

values are also high, indicating a low rate of false 

positives. Ensemble methods outperform 

individual classifiers, highlighting the importance 

of combining multiple decision trees for improved 

accuracy. 

 

14.3 Visualization Insights 

Visualization of traffic data reveals clear 

separation between normal and attack traffic 

clusters. Attack periods are characterized by sharp 

spikes in packet rates and consistent traffic 

patterns, which are easily distinguishable from 

normal network behavior. 

 



14.4 Discussion 

The findings confirm that cyber security  

techniques can effectively classify DoS 

traffic when appropriate features are 

selected. However, challenges remain in 

adapting these models to real-world 

environments where traffic is encrypted 

and attack patterns evolve continuously. 

 

5. Conclusion 

Forensic analysis of DoS attacks requires 

integration of network analysis, statistical 

modeling, and legal frameworks. 

Advanced cyber security  techniques and 

structured methodologies significantly 

enhance detection and investigation 

capabilities. As cyber threats continue to 

evolve, ongoing research and innovation 

are essential to maintain robust defense and 

forensic readiness. 
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