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Abstract—Distributed Denial of Service (DDoS)
attacks pose one of the greatest threats to the
availability and reliability of Internet-based services.
Target systems are flooded with an enormous amount
of malicious traffic, making it impossible for legitimate
users to gain access. Rule-based and signature-based
detection mechanisms are usually ineffective when
dealing with sophisticated or dynamic DDoS attacks,
particularly those that resemble normal traffic flow.
To overcome these limitations, this paper introduces a
machine learning-based DDoS detection and
protection system that is capable of automatically
detecting and blocking abnormal traffic behaviors in
real-time.

The system to be implemented utilizes supervised
learning algorithms that are trained on actual traffic
datasets like CICIDS2017 and NSL-KDD to identify
different types of DDoS attacks like SYN flood, UDP
flood, HTTP GET flood, and ICMP- based attacks.
The system design has several components such as
traffic sniffing, feature extraction, model training, and
an automated mitigation engine. Properties such as
packet length, source IP entropy, inter-arrival time,
and protocol type are retrieved and input to a trained
classifier (e.g., Random Forest or SVM) for attack
identification.

The model is highly accurate in identifying malicious
traffic versus legitimate requests and can be used in
real-time settings with low overhead. In response to an
attack detection, the system may automatically block
suspicious IPs or call upon alert mechanisms for
administrators. Through this work, the capability of
machine learning methods to enhance dramatically the
detection and prevention of DDoS attacks is shown,
leading to more secure and robust cloud and network
infrastructures.

Keywords—Cloud Security, DDoS Protection, Traffic
Monitoring, Network Forensics, Snort, iptables,
FastAPI.

. INTRODUCTION

During the contemporary digital age, the reliability
and availability of online services are crucial for
individuals, governments, and enterprises alike.
With the fast growth of cloud computing, Internet of
Things (loT) devices, and web services, the threat

environment has changed appreciably. One of the
most common and destructive forms of cyber attack
is the Distributed Denial of Service (DDoS) attack,
which seeks to interfere with the regular operation of
a target server, service, or network by overloading it
with a torrent of internet traffic from a variety of
sources.

In contrast to classical Denial of Service (DoS)
attacks originating from a single source, DDoS
attacks utilize botnets—collections of compromised
devices—thus making it much more difficult to
detect and filter out malicious traffic. Such attacks
can cause severe financial loss, brand harm, and
even legal repercussions for service providers. High-
profile attacks, like the Dyn DNS attack in 2016,
have proven the catastrophic effect of DDoS attacks
on vital internet infrastructure.

Traditional DDoS protection systems, like firewalls
and rule- based intrusion detection systems, tend to
be reactive and depend on pre-configured signatures
or static rules. These approaches find it difficult to
identify zero-day attacks, low-rate stealthy DDoS
attacks, or adaptive attackers that keep modifying
strategies to evade detection. Additionally, these
traditional systems can generate a large number of
false positives, which can interfere with legitimate
user traffic.

In response to these threats, Machine Learning (ML)
presents an excellent solution. Using traffic patterns
to analyze and historical attack patterns to learn
from, ML models are capable of identifying
anomalies and distinguishing between benign and
malicious traffic with great accuracy. ML
methodologies allow for real-time detection,
adaptive learning, and response automation, making
them particularly effective for today's DDoS defense
systems. This instantaneous response facilitates a
reduction in service interruption and guarantee of
availability for cloud- osted applications.

This paper introduces a secure DDoS detection and
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mitigation system based on machine learning. The
system intercepts real- time network traffic, extracts
significant features, and feeds the trained ML
models—Random  Forest,  Support  Vector
Machines, or XGBoost—on potential DDoS attacks.
It also has a built-in mitigation capability that can
block malicious IP addresses automatically or
throttle suspicious connections with the help of tools
like iptables or Fail2Ban.

The aim of this research is to design and develop an
intelligent, lightweight, and scalable DDoS
protection system that increases the cloud service
and network application resilience against all types
of DDoS attacks.

Over the past few years, the frequency and
complexity of DDoS attacks have increased
significantly, driven by the availability of DDoS-as-
a-Service platforms and the rising number of
vulnerable 10T devices on the internet. Gone are the
days of floods-only DDoS attacks; today, attackers
are using more sophisticated techniques like
application-layer (Layer 7) attacks, multi-vector
attacks, and amplification attacks that exploit known
vulnerabilities in network protocols and services.

As attack vectors expand, static detection techniques
are insufficient. This necessitates dynamic systems
that can learn from changing patterns and generalize
to new behaviors that have not been seen before.
Machine Learning (ML) is suited to this need by
using algorithms that can learn from data and
identify anomalies or patterns characteristic of DDoS
behavior. Compared to conventional approaches,
ML methods are able to examine a huge amount of
network attributes in real-time, detect the divergence
from the baseline behavior, and mark potential
attacks—whether or not the traffic conforms to any
known signature.

In addition, ML-based models are flexible and
scalable in cloud environments where the
infrastructure keeps changing. They are easily
retrained with new data and can include adaptive
learning mechanisms along with the ability to work
in conjunction with reinforcement learning or deep
learning frameworks for advanced detection.

This paper suggests an end-to-end system for DDoS
defense employing supervised machine learning
models. The system consists of a data acquisition

layer, feature extraction module, model training
component, and an inference and mitigation engine
in real-time. It employs popular datasets like
CICIDS2017 to train models and also allows real-
time packet analysis with the help of tools like
Scapy and PyShark. By rigorous testing, the system
shows high recall and precision in identifying
different kinds of DDoS attacks with low false
positives.

The ultimate goal of this study is to contribute
towards developing a smart, autonomous
cybersecurity defense system that not only identifies
and blocks threats but also evolves based on
emerging attack methods with minimum human
involvement.

Il. LITERATURE REVIEW

The network infrastructure faces a significant
security risk from Distributed Denial-of-Service
(DDoS) attacks that use massive amounts of fake
traffic to exhaust resources. Traditional defense
strategies that depend on rule-based or signature-
based detection face difficulties when dealing with
modern attack methods which continuously evolve.
The research community has been increasingly
using machine learning (ML) techniques to detect
complex network traffic patterns because these
approaches demonstrate both  flexibility and
powerful detection capabilities.

B.  Supervised Machine Learning Approaches

The detection of DDoS attacks relies heavily on
supervised learning approaches since these methods
can operate effectively with labeled datasets. The
application of Support Vector Machines (SVMs)
delivers superior accuracy levels when it comes to
identifying malicious traffic patterns across multiple
dimensions [1]. Random Forests serve as a popular
Decision-Tree method because they provide high
detection accuracy and interpretable results [2]. The
computational efficiency of Naive Bayes classifiers
makes them desirable but their performance tends to
be lower because they assume feature independence.
C. Unsupervised and Semi-Supervised
Learning Researchers focus on unsupervised
learning methods because they face challenges
when obtaining labeled DDoS datasets. The K-
means algorithm performs anomaly detection by
recognizing patterns that differ from normal
network traffic [3]. Neural networks known as
autoencoders receive training for data reconstruction
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which enables them to detect unusual traffic
patterns.

D. Deep Learning-Based Models
Convolutional Neural Networks (CNNs) along with
Recurrent  Neural Networks (RNNs) have
demonstrated successful results in identifying
Distributed Denial of Service (DDoS) attacks.
CNNs show excellent performance in extracting
spatial features from traffic matrices [4] while Long
Short-Term Memory (LSTM) networks
demonstrate their ability to detect temporal
dependencies in time-series traffic data [5].
Researchers have introduced hybrid models that
incorporate both CNNs and LSTMs to enhance
detection accuracy through spatial and temporal
feature integration [6].

E. Dataset Utilization

The success of ML-based DDoS detection heavily
relies on the selection of dataset quality and its
relevance to training and evaluation purposes. The
field employs CIC-IDS 2017 dataset and NSL-KDD
dataset alongside UNSW-NB15 because they
deliver realistic network traffic samples. Most
available datasets do not match current network
conditions because they lack real-time network
characteristics.

F. Evaluation Metrics

Standard evaluation metrics for ML models in
DDoS detection consist of accuracy, precision,
recall, F1- score and the area under the ROC curve
(AUC). Real- time detection systems need to
evaluate both detection latency and throughput
metrics because they determine the system's
operational effectiveness.

G. Limitations and Research Gaps

The research community faces ongoing barriers
despite achieving significant advancement in their
work. Most systems receive training and testing in
simulated environments which reduces their ability
to function in real-time  scenarios. The
generalizability of various models becomes weak
when they handle patterns that were not part of their
training dataset. Model wvulnerabilities become
exploitable through adversarial machine learning
methods which enable evasion attacks to occur. The
requirement for manual feature engineering creates
persistent obstacles that prevent systems from
achieving their optimal performance.

H. Future Research Directions

The research community needs to direct its efforts
toward adaptive learning approaches which include
online learning and incremental learning to handle

new attack patterns. The approach of federated
learning shows potential to create a collaborative-
defense framework that maintains user data privacy.
Through the integration of Explainable Al (XAl)
techniques, the transparency and trust levels of ML-
based systems will be improved. The merging of
ML with Software-Defined Networking (SDN) and
Network Function Virtualization (NFV) provides an
opportunity for developing dynamic and scalable
DDoSmitigation approaches.

I1l. PROPOSED METHODOLOGY

A. Overview of the Proposed DDoS Protection
System

The proposed system combines various machine
learning approaches in order to identify and reduce
the impact of DDoS attacks in real-time. The main
elements of the methodology are data gathering,
feature extraction, training the model, real- time
inference, and mitigation. The system is meant to
support various categories of DDoS attacks in
various networks, e.g., application-layer attacks.

B. Data Collection and Preprocessing

Step 1 is the capture of network traffic. In real-time

detection,

Scapy or PyShark is employed to capture live

packets from

the network. Traffic is preprocessed into features of

interest for anomaly detection that suggests DDoS

attacks.

Key Steps in Data Collection:

o  Capture raw packet data in PCAP format.

o Preprocess the captured data to strip off
unnecessary metadata.

e  Extract interesting features such as:
1. Packetsize
2. Feature Extraction
3. Machine Learning
4. classification
5. legitimate traffic
Eonty 1 Sameron [ Lsaming
!
Classification
l—'
Legitimate Malicious
Traffic Traffic

Fig 1. Network Packet Processing Block diagram
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Explanation: The diagram illustrates the architecture
of a Machine Learning-based DDoS Protection
System. The process begins with Packet Capture,
where incoming network traffic is monitored and
collected in real time using tools like Suricata or
Wireshark. This raw packet data is then passed to
the Feature Extraction module, where it is
transformed into structured numerical features such
as packet rate, flow duration, protocol types, and IP
entropy. These features serve as input to the
Machine Learning Model, which has been trained to
differentiate between normal and attack traffic
patterns. Once processed, the model performs
Classification by labeling the traffic as either
Legitimate or Malicious. Legitimate traffic is
allowed to proceed normally through the network,
while malicious traffic—typically indicative of a
DDoS attack—is blocked, logged, or flagged for
further security actions. This pipeline enables real-
time and automated detection of DDoS attacks,
improving the network's resilience and reducing the
burden on manual monitoring systems.

machine learning, or further processing. The vertical
arrangement of the flow chart, linked by arrows,
explains the sequential process from raw data
gathering to processed dataset generation, rendering
the entire process understandable at a glance.

C. Feature Extraction and Selection
Feature extraction is a very important step in this
approach. The idea is to convert the raw packet data
into a feature set that can be processed by machine
learning algorithms. We choose features that reflect
crucial characteristics of network traffic behavior
with the aim to differentiate between good and bad
traffic.

Selected Features for DDoS Detection:

e Packet Length: Each packet's size may be
quite different for normal and attack traffic.

e Inter-arrival Time: The time difference
between consecutive packets can help identify
flood patterns.

e Protocol Type: Certain protocols (e.g., TCP
SYN for SYN floods) are commonly used for
DDosS attacks.

e Source IP Entropy: During botnet-based attacks,
the source IP distribution is extremely non-
uniform.

e Flow Duration: Long-lasting duration is
typical of DDoS attacks.

D. Machine Learning Model Training

Selected Features for DDoS Detection:

e Packet Length: Each packet's size may be
quite different for normal and attack traffic.

e Inter-arrival Time: The time difference
between consecutive packets can help identify
flood patterns.

e Protocol Type: Certain protocols (e.g., TCP
SYN for SYN floods) are commonly used for
DDoS attacks.

e Source IP Entropy: During botnet-based
attacks, the source IP distribution is extremely
non-uniform.

e Flow Duration: Long-lasting duration is
typical of DDoS attacks.

E. Machine Learning Model Training

After feature extraction, the features are passed to
machine learning models. The training is done using
labeled datasets with both normal and attack traffic
samples. Typical datasets used are CICIDS2017 and
NSL-KDD.

Machine Learning Algorithms Used:

e Random Forest: A general-purpose ensemble
technique that is suitable for high-dimensional
data and can perform both classification and
regression.

e Support Vector Machine (SVM): Suitable for
classification problems, especially when the
data is non-linearly separable.

e XGBoost: A gradient boosting algorithm that is
extremely effective for imbalanced datasets.

o K-Nearest Neighbors (KNN): Applied for real-
time detection because it is simple and has low
latency.

Training Process:

e Divide the dataset into training and test sets (e.qg.,
80% training, 20% test).

o Apply cross-validation to
hyperparameters for
performance.

e  Train models on features derived from network
traffic data.

optimize
optimal model

F. Real-Time Inference and Attack Detection
For real-time detection, the trained model is
implemented on network traffic streams. When a
packet is intercepted, the system uses the model to
classify the traffic as normal or DDoS attack.
1) Real-Time Inference Workflow:

e  Capture live packets.

e Extract real-time packet features.
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e Pass the features into the trained ML
model for classification.

e In case of attack detection, activate the
mitigation process.

G. Mitigation and Response

When a DDoS attack is detected, the system

invokes an automated process of mitigation. The

mitigation may be IP blocking, traffic throttling, or
rate limiting.

1) Mitigation Methods:

o |P Blacklisting: Through the use of tools such
as iptables or Fail2Ban, suspicious IPs are
blocked in order to halt further attack traffic.

o Traffic Shaping: Slow down the rate of
incoming traffic from suspicious sources to
make sure legitimate users are not impacted.

Attack Detected

Mitigation Triggered

Block Susplcious Throttle Traffic
P

Fig 2. Mitigation Process and Impact on Traffic

Explanation: Symbolizes the reaction process if an
attack is identified in a network system. A red box at
the top, marked "Attack Detected" and "Mitigation
Triggered,” shows that the system has detected a
threat and initiated defensive processes. From this
central box, two arrows extend down, each to a
different blue box symbolizing different mitigation
responses. On the left, the "Block Suspicious IP"
box indicates that traffic from malicious IP
addresses is being blocked by the system. On the
right, the "Throttle Traffic" box indicates that the
system is slowing down the data flow to prevent the
impact of the attack. This easy-to-follow and well-
organized flowchart efficiently shows how detection
results in multiple concurrent mitigation methods to
safeguard the network.

H. Literature Review:

Increased frequency and complexity of Distributed
Denial of Service (DDoS) attacks have encouraged
significant research into intelligent detection and
mitigation techniques. Conventional approaches
tend to fail because they are static in nature and
incapable of identifying dynamic threats. As a

result, researchers have increasingly resorted to
machine learning (ML) for adaptive, scalable, and
self-learning DDoS defense.

1. Traditional Techniques for DDoS Detection
The early methods of DDoS mitigation were mostly
based on signature-based intrusion detection
systems and rule-based firewalls. Snort, Suricata,
and ModSecurity are some of the tools that filter out
unwanted traffic based on known patterns and
predefined rules. Though they are highly effective
against known attacks, they do not perform well
with zero-day and obfuscated threats. On top of that,
they need frequent manual updates and produce high
false positives in dynamic traffic scenarios.

2. Statistical and Heuristic-Based Approaches
To overcome the deficiencies of signature-based
detection, scientists developed statistical anomaly
detection systems. The methods use thresholds,
entropy measures, and traffic baselining to detect
unusual behavior. But they tend to flag ordinary
traffic bursts (e.g., flash crowds) as attacks and
have low precision.

3. Machine Learning in DDoS Detection
Machine learning provides the potential for learning
from traffic patterns and self-adaptation to emerging
attack vectors. Some supervised and unsupervised
ML models have been investigated:

e  Support Vector Machines (SVM):

SVMs are commonly utilized for DDoS detection
as they can effectively classify high-dimensional
data. Nonetheless, their training time grows
immensely with the dataset size.

e Random Forest and Decision Trees:

These models are favored due to their
interpretability and high accuracy when it comes to
tabular data. Random Forest, in specific, is robust
against overfitting and performs well with
imbalanced data.

o  K-Nearest Neighbors (KNN):

KNN has been used in light DDoS detection
systems where timely decision-making is of great
importance. Yet, KNN is not scalable for big
datasets as it has high prediction time.

e Deep Learning Approaches (LSTM, CNN):
More recent work uses deep neural networks
(DNNSs), particularly Long Short-Term Memory
(LSTM) and Convolutional Neural Networks
(CNNs), to learn sophisticated temporal and spatial
patterns in traffic data.

4. Public Datasets for DDoS Research

There have been a number of datasets suggested for
training and testing DDoS detection systems:
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e CICIDS2017: Includes realistic traffic profiles
such as DDoS, DoS, and brute-force attacks.

e NSL-KDD: An enhanced version of KDD'99,
widely used for network intrusion detection
research.

¢ UNSW-NB15: Offers modern attack scenarios
with diverse features for ML applications.

5. Challenges in Existing Research

Despite advancements, existing research still

faces key challenges:

e Lack of real-time applicability in many ML
systems.

e High false positive rates, especially in
anomaly- based approaches.

e Poor generalization  across different network
environments and traffic patterns.

e Limited focus on mitigation; most studies
stop at detection.

IV. OBJECTIVES

Real-Time Detection of Malicious Traffic:

o Design a light and effective system that
constantly scans incoming network traffic and
automatically detects possible DDoS patterns.

o Employ Scapy to packet-sniff and examine
packets real-time to detect source IPs showing
unusual activity.

Threshold-Based Attack Identification:

o Employ a dynamic threshold-based system to
detect IPs that produce anomalous traffic
volumes in short time windows.

e Avoid false positives by dynamically adjusting
thresholds according to traffic baselines.

Automated Traffic Mitigation:

e Instantly block malicious IPs with iptables to
stop further traffic from reaching the cloud

server.
e Minimize latency and resource utilization
during blocking.

Data Logging for Forensics and Analytics:

e Store important attack data like source IPs,
timestamps, packet numbers, and status in a
MongoDB database.

e Make log querying and audit available for post-
attack forensic analysis and machine learning
dataset creation.

Administrator Alert and Monitoring Interface:

e Develop an API backend (FastAPI) to enable
secure access to attack logs and detection status.

e (Optional Future Scope) Implement a frontend

dashboard with React.js and Tailwind CSS to
display real-time DDoS activity and logs to
administrators.

Cloud Compatibility and Scalability:

e Make the system easily deployable in cloud
environments with scaling and support for
containerized applications (e.g., Docker-based
deployment).

e Provide low CPU and memory overhead to
ensure performance under high traffic loads.

V. SYSTEM DESIGN AND IMPLEMENTATION

The architecture of the suggested DDoS Protection
System is such that it facilitates real-time detection,
smart analysis, and automated mitigation of DDoS
attacks in a cloud environment. It is scalable,
modular, and can be easily integrated into
contemporary cloud and enterprise networks. The
system consists of six key modules: Traffic
Capturing Module, Feature Extraction Module,
Machine Learning Engine, Detection and
Classification Unit, Mitigation Controller, and
Monitoring Dashboard.

A. Traffic Capturing Module

Central to the design is the Traffic Capturing
Module, which represents the initial interaction with
incoming network traffic. This module employs
libraries like Scapy, PyShark, or tcpdump in order to
listen to and store live packets of traffic from the
network interface. This module secures all of the
network packages — TCP, UDP, ICMP, and HTTP
— for investigation. The packets are reflected in
such a manner as not to interfere with the flow of
traffic to the application server, enabling passive
monitoring. Offline analysis and model training are
also supported through PCAP file ingestion.

B. Feature Extraction Module

After packets are captured, they are directed to the
Feature Extraction Module, which processes them
into structured records that can be input into
machine learning models. This involves parsing
packets to gather features like source/destination IP
addresses, packet length, flow duration, inter-arrival
time, TCP flags, and protocol types.

The features are grouped into a vectorized format
(e.g., Pandas DataFrames), normalized, and kept in
temporary storage for real-time processing. Entropy-
based and statistical features are also calculated to
assist in identifying stealthy or low-rate DDoS
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attacks.

C. Machine Learning Engine

Machine Learning Engine is the brain of the system.
It is made up of trained models like Random Forest,
Support Vector Machine (SVM), or XGBoost,
depending on the balance one needs between speed
and accuracy. The models are trained on traffic
datasets that have been labeled (e.g., CICIDS2017)
and can differentiate between malicious and benign
traffic patterns. The engine is capable of both batch-
based detection and streaming detection, which
enables it to work with historical data as well as live
traffic.

D. Detection and Classification Unit

Once features are analyzed by the ML engine, the
Detection and Classification Unit decides whether a
specific traffic instance is a normal request or a
DDoS attack. On the basis of model predictions
(e.g., binary classification: 0 = normal, 1 = attack),
this unit generates alerts and marks malicious
packets. It also classifies the DDoS attack type (e.g.,
SYN flood, UDP flood, HTTP GET flood) so the
system can take mitigation based on attack types.
This unit also has a confidence threshold to reduce
false positives and uses sliding windows to identify
bursty attack patterns.

E. Mitigation Controller

If an attack is detected, the Mitigation Controller is
triggered to automatically mitigate the threat. This
module interoperates automated mitigation of DDoS
attacks in a cloud environment. It is scalable,
modular, and can be easily integrated into
contemporary cloud and enterprise networks. The
system consists of six key modules: Traffic
Capturing Module, Feature Extraction Module,
Machine Learning Engine, Detection and
Classification Unit, Mitigation Controller, and
Monitoring Dashboard.

F. Traffic Capturing Module

Central to the design is the Traffic Capturing
Module, which represents the initial interaction with
incoming network traffic. This module employs
libraries like Scapy, PyShark, or tcpdump in order to
listen to and store live packets of traffic from the
network interface. This module secures all of the
network packages — TCP, UDP, ICMP, and HTTP
— for investigation. The packets are reflected in
such a manner as not to interfere with the flow of

traffic to the application server, enabling passive
monitoring. Offline analysis and model training are
also supported through PCAP file ingestion.

G. Feature Extraction Module

After packets are captured, they are directed to the
Feature Extraction Module, which processes them
into structured records that can be input into
machine learning models. This involves parsing
packets to gather features like source/destination IP
addresses, packet length, flow duration, inter-arrival
time, TCP flags, and protocol types. The features are
grouped into a vectorized format (e.g., Pandas
DataFrames), normalized, and kept in temporary
storage for real-time processing. Entropy-based and
statistical features are also calculated to assist
in identifying stealthy or low-rate DDoS attacks.

H. Machine Learning Engine

Machine Learning Engine is the brain of the system.
It is made up of trained models like Random Forest,
Support Vector Machine (SVM), or XGBoost,
depending on the balance one needs between speed
and accuracy. The models are trained on traffic
datasets that have been labeled (e.g., CICIDS2017)
and can differentiate between malicious and benign
traffic patterns. The engine is capable of both batch-
based detection and streaming detection, which
enables it to work with historical data as well as live
traffic.

I.  Detection and Classification Unit

Once features are analyzed by the ML engine, the
Detection and Classification Unit decides whether a
specific traffic instance is a normal request or a
DDoS attack. On the basis of model predictions
(e.g., binary classification: 0 = normal, 1 = attack),
this unit generates alerts and marks malicious
packets. It also classifies the DDoS attack type (e.g.,
SYN flood, UDP flood, HTTP GET flood) so the
system can take mitigation based on attack types.
This unit also has a confidence threshold to reduce
false positives and uses sliding windows to identify
bursty attack patterns.

J. Mitigation Controller

If an attack is detected, the Mitigation Controller is
triggered to automatically mitigate the threat. This
module interoperateswith network-level tools like
iptables, Nginx rate limiting, or cloud security APIs
(e.g., AWS Shield, Azure DDoS Protection). The
controller dynamically blocks suspicious IP
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addresses, drops malicious packets, or rate- limits
incoming connections based on pre-configured
policies. It also keeps a blacklist and whitelist to
tune its response over time. Its integration with
Fail2Ban allows automatic IP banning based on
traffic behavior thresholds.

A. Monitoring and Visualization Dashboard

For visibility and transparency, the system has a
Monitoring Dashboard developed using
technologies such as React.js, MongoDB, and
Chart.js. The web-based dashboard shows real-time
graphs, alerts, model decisions, and mitigation logs.
Network administrators can see traffic trends,
detected anomalies, top attacking IPs, and system
actions in real-time. Historical logs are kept in a
MongoDB database for audit and forensic analysis.

Large cloud service providers such as Amazon Web
Services (AWS), Microsoft Azure, and Google
Cloud Platform provide inbuilt DDoS protection
services like:

1.  AWS Shield and AWS WAF

2. Azure DDoS Protection Basic/Standard

3. Google Cloud Armor

These services are fully integrated with cloud
resources and offer automated traffic filtering,
anomaly detection, and real- time analytics. Their
closed-source design and limited customization,
however, limit researchers and developers from
implementing the solutions for specialized use-cases
or open cloud environments.

C. Machine Learning-Based Detection Systems
Recent research has concentrated on the use of
machine learning (ML) and deep learning to detect
unusual traffic patterns and zero-day DDoS attacks.

Some notable research includes:

e S. M. Mousavi and M. St-Hilaire (2015):
Proposed a Fast Entropy-based method for
DDoS detection with statistical thresholds.

e Xiaoyun Cao et al. (2018): Suggested an
LSTM- based anomaly detection model that
learns traffic behaviors over time.

e DeepDefense (2021): A CNN-RNN hybrid
framework that identifies traffic as malicious or
benign based on flow patterns and session
features.

While ML models achieve high detection accuracy,

their deployment in real-time systems introduces

issues regarding processing latency, training data
quality, and model interpretability.

B. Architecture

Network Traffic

v

Traffic Capture
Module
(Scapy, PyShark, tcpdump)

v

Feature Extraction
Module

(Packet size, time, IP etc.)

v

ML Detection Engine
(RF, SVM, XGBoost classifi)

Normal | Malicious
Traffic Traffic
A
Mitigation Engine

(IP blocking, throttling)

!

Logging & Alert Syst
(Dashboard, Email /SMS)

Fig 3. System Architecture
VI. RELATED WORK

In the last decade, multiple techniques have been
suggested to identify and counter Distributed Denial
of Service (DDoS) attacks in cloud infrastructures.
These mechanisms range from the conventional
network-oriented methods to cloud-born defense
systems and recent developments using artificial
intelligence and machine learning. The present
section  summarizes the most  important
contributions and technologies in the area, outlining
their strengths and weaknesses in the light of
contemporary cloud infrastructure.

A. Traditional Network-Based Defenses

Early DDoS mitigation solutions depended mostly
on network firewalls, intrusion detection/prevention
systems (IDS/IPS) like Snort and Suricata, and rate-
limiting appliances. These solutions work mostly at
the network and transport layers and block
malicious packets according to pre-defined rules.
These are effective against known volumetric
attacks but tend to fail against:

e High false positive rates,
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e Failure to deal with encrypted or obfuscated
traffic,
e Lack of scalability in cloud-native environments.

B. Cloud Provider DDoS Protection Services

Large cloud service providers such as Amazon Web
Services (AWS), Microsoft Azure, and Google Cloud
Platform provide inbuilt DDoS protection services
like:

1.  AWS Shield and AWS WAF

2. Azure DDoS Protection Basic/Standard

3. Google Cloud Armor

These services are fully integrated with cloud
resources and offer automated traffic filtering,
anomaly detection, and real- time analytics. Their
closed-source design and limited customization,
however, limit researchers and developers from
implementing the solutions for specialized use-cases
or open cloud environments.

C. Machine Learning-Based Detection Systems
Recent research has concentrated on the use of
machine learning (ML) and deep learning to detect
unusual traffic patterns and zero-day DDoS attacks.

Some notable research includes:

e S. M. Mousavi and M. St-Hilaire (2015):
Proposed a Fast Entropy-based method for
DDosS detection with statistical thresholds.

+ Xiaoyun Cao et al. (2018): Suggested an
LSTM- based anomaly detection model that
learns traffic behaviors over time.

o DeepDefense (2021): A CNN-RNN hybrid
framework that identifies traffic as malicious or
benign based on flow patterns and session
features.

While ML models achieve high detection accuracy,

their deployment in real-time systems introduces

issues regarding processing latency, training data
quality, and model interpretability.

D. Software-Defined Networking (SDN) and NFV

Approaches

Software-defined  networking (SDN) enables

dynamic traffic routing and real-time network policy

reconfiguration.

Works such as:

e FloodGuard (2017) and AvantGuard (2014)
illustrated that SDN controllers can identify
SYN floods and TCP-based attacks by
observing packet

E. Limitations in Existing Work

Although significant work has been conducted,
current work suffers from a number of
shortcomings:

1. Limited interoperability with proprietary or
open- source cloud stacks.

2. Lack of integrated frameworks embracing
monitoring, detection, and response in real-
time.

3. Underrepresentation of lightweight,
containerized protection solutions for edge and
microservice-based clouds.

VILI. CONCLUSION

In this research, we conceptualized and suggested an
intelligent, scalable, and secure DDoS defense
mechanism using the capability of machine
learning. As the nature of cyber attacks, especially
Distributed Denial of Service (DDoS) attacks, is
constantly evolving and becoming sophisticated at a
rapid pace, traditional rule-based defense
mechanisms are no longer effective. Our
methodology combines a multi-level defense system
wherein real-time traffic is under constant
observation, features are dynamically extracted, and
sophisticated machine learning algorithms are
utilized to identify and block potential attacks.

System architecture also guarantees real-time
responsiveness through integration of traffic
capturing utilities (such as Scapy and PyShark),
effective feature engineering, and utilization of
supervised ML classifiers like Random Forest,
SVM, and XGBoost. After detecting an anomaly,
mitigation processes like IP blocking and traffic rate
limiting are invoked in real- time, ensuring service
availability and system performance. In addition, the
inclusion of a logging and alerting module gives
system administrators actionable information,
facilitating quicker incident response and forensic
analysis.

The initial evaluation using benchmark datasets
such as CICIDS2017 and in-house traffic
simulations has indicated high accuracy, low false
positives, and the feasibility for real- time
deployment. The modular architecture facilitates
flexibility, supporting both cloud-based and on-
premises deployment.

But there are challenges ahead. These are greater
zero-day attack detection, performance enhancement
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in high-throughput environments, and low latency
impact. Future development can be aimed at the
application of deep learning-based models (e.g.,
LSTM or CNNs) for analysis of temporal traffic
patterns, federated learning in decentralized
scenarios, and threat intelligence feed integration for
proactive threat management.

This system is an important step in the direction of
more intelligent, adaptive cybersecurity measures.
By automatically detecting and mitigating, it lessens
the requirement for ongoing manual monitoring and
increases the ability of critical infrastructure to
withstand DDoS attacks.
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