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Abstract: Rapid IoT device proliferation enhanced connectivity amid industries while also posing downside
cybersecurity threats, mainly in botnet attacks. Such attacks capitalize on the minimal computational resources
and sometimes weak security mechanisms of IoT devices to large-scale disruptions such as Distributed Denial of
Service (DDoS) attacks. This work scrutinizes the evolving landscape of IoT botnets and points out the
applicability of ML in countering such threats. More specifically, it gives an account of and analyzes the Two-
Fold Machine Learning Approach that combines detection and prevention into one unified adaptive defense
system. The paper classifies the ML techniques used for botnet mitigation, presents a general architecture of ML-
integrated security systems on top of which detection and prevention are contrasted, and highlights challenges
regarding scalability, data quality, and adversarial robustness while suggesting future research perspectives
including federated learning, explainable Al, and cross-layer security frameworks. It stresses that integrating
detection and prevention with ML allows not only for real-time mitigation but also for building long-term
resilience in IoT environments.
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1. Introduction

Internet of things is an interconnection of billions of smart devices being able to communicate over the internet.
Over the past few years, the number of everyday machines embedded with sensors and can communicate over
the internet are rising to a great extent. According to the study published in IoT Business News, Devices
connected to the IoT world is increasing day by day which is expected to be around 24.1 billion by 2030. The
internet of things makes the world smarter by merging the physical devices with the digital intelligence.
International standardization sector (ITUT) defines the Internet of Things as an international structure consisting
of interconnected devices based on information and communication technologies [1]. There is large flow of data
in between the interconnected devices and the security is the major concern in IoT. Accordingly, the number of
attacks that exploit the vulnerabilities of IoT devices has increased as well, which could be critical in keeping
patients’ data secure. However, since an loT device is designed for a simple purpose with less processing power
and memory like a thermostat and a light bulb, manufacturers and researchers have struggled with satisfying its
needs of security. In the meantime, adversaries have taken advantage of its vulnerabilities [2]. the Internet of
Things (IoT) has become an influential area in academia and industry. IoT has emerged as a significant
technology to provide the basis for the infrastructure of different innovations in smart environments, such as
smart homes, smart healthcare and smart everything. The exponential growth of IoT devices and the advances in
technology are resulting in its adoption in a variety of applications to enhance services. IoT devices include
electronics, software, sensors, actuators and connectivity between them, permitting these devices to connect,
interact and exchange data. The low price of the IoT devices is increasing their popularity and growth [3].
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Figure 1 The life cycle of IoT Botnet Mirai [4]
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The first [oT Botnet DDoS attack occurred in June 2016, using a malware called LizardStresser. Made mainly
for CCTV recorder and IP cameras, this [oT Botnet has hit Brazilian ISPs, financial companies, and governments
with a traffic of up to 400 Gbps. Soon after, the IoT Botnet variants exploded with famous names such as Mirai,
PsybOt, Bashlite, Tsunami (Kaiten) changing the concept of Botnet networks. Notably, the Bashlite malware
generates a TCP Flood attack of up to 400 Gbps with a network of about 1 million IoT devices limited to infected
resources (such as DVRs, IP cameras, and SOHO routers). This malware is considered the precursor to malware
Mirai. The Mirai malware generated a record 1.1 Tbps of DDoS attacks, with more than 100,000 SOHO IoT
devices infected. In the study describe the life cycle of a typical IoT Botnet (Mirai Botnet) through 7 steps as
shown in Fig. 1 [4].

A. Importance of IoT Security

The security of IoT is indispensable in ensuring the security of the massive and still-growing network of
interconnected devices that collect, process, and exchange sensitive information. As the number of IoT devices
increases in domains such as healthcare, transportation, manufacturing, and smart homes, the potential for security
threats also massively increases. If left unprotected, these systems can be targeted by cybercriminals for
unauthorized access to confidential data and the outright manipulation of critical operations. Few other threats
finish with absolutely devastating consequences of compromised personal privacy, financial losses, disruption of
operations, and in some cases, human jeopardy. Strong IoT security is, hence, imperative to guarantee data
confidentiality, data integrity, and data availability; maintain user trust; and permit contingently reliable and
sustainable use of [oT technologies for both personal and industrial applications [5]. Security in the IoT space is
necessary for keeping the user threats away. These threats include unauthorized accesses to data, malware, and
system breaches. As the trend of using connected devices in industries and everyday life grows, a solid security
apparatus helps individuals to understand the privacy risk involved. This awareness fosters trust in the technology
and its providers. Users might feel confident in using [oT services only if they are assured that their data cannot
be compromised and that their systems are well protected against any form of compromise. Hence, good security
measures will not only prevent adverse events but will also lay a foundation for fostering long-term commitment
and reliability in the connected digital world [6].

B. Role of Machine Learning in Botnet Defense
Machine learning stands as a crucial guard against [oT botnet attacks by enabling timely and precise spotting of
malicious activities in network traffic. A dual-level scheme has been presented in which deep learning models,
ResNet-18-type architectures, are used in two-stage detection: one model detects behaviours related to scanning
and reconnaissance activities, which are said to come before botnet deployment, while the other identifies DDoS
attacks. It is a two-stage technique for increasing detection capabilities, the first stage concentrating on early
reconnaissance and the next on attack. By generating and training on various datasets with several types of
scanning and DDoS attack patterns, the methods promote robustness and good generalization over different
scenarios of attacks. Corresponding to this, the approach shows a very high precision and recall value, along with
equally high accuracy, thus making it a dependable framework for on-the-fly identification and prevention of [oT-
based botnet threats [7]. A typical role of machine learning in botnet defense is detecting and classifying malicious
behaviors into the IoT network traffic with very high accuracy and efficiency. Machine learning algorithms
identify patterns and anomalies indicative of botnet activity, including both the scanning and DDoS phases, by
analyzing huge volumes of data. Especially with deep learning structures such as CNNs and RNNs, these models
learn to distinguish between legitimate traffic and attack traffic and, therefore, detect any attack suspiciously early,
minimize false positives, and support real-time defense mechanisms. The adaptability and learning capability of
machine learning with increasing data forms a very strong backbone for securing the IoT and mitigating the botnet
threats that keep evolving [8].

2. IoT Botnet Threat Landscape

The growing interconnection of resource-constrained devices that oftentimes lack strong security measures
shapes the IoT botnet threat landscape. These devices present easy targets for attackers who infect them with a
form of malware and thereafter form extensive networks called botnets. Once compromised, these are used by
the attackers to remotely control these devices to carry out malicious activities such as phishing, spamming,
malware distribution, and distributed denial-of-service (DDoS) attacks. Keeping this in mind, a botnet may be
constructed as peer-to-peer, client-server, or hybrid model, making it rather versatile as well as difficult to destroy.
As ToT devices gain massive traction without standardized security protocols, the attack surface, and
consequently the impact of botnet attacks, is bound to rise, thereby posing severe threats to users, services, and
critical infrastructure [9]. Depending on what is going in homes, industries, or public infrastructure, the delivery
of billions of interconnected devices acts as one of the factors making the threat world increasingly complex and
dangerous. Many of those devices have processing capabilities with no security provisions, rendering them
susceptible to malware infection. Weaknesses are exploited by attackers to develop botnets or compromise
legitimate ones of free devices to arbitrarily launch massive cyberattacks such as DDoS attacks. These are
interference services with stealing data and building mistrust in digital systems. The botnet threat-scope continues
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to increase as the number and types of IoT devices do; this requires aggressive defense mechanisms and tough
device management [10].

A. Overview of IoT Architecture and Vulnerabilities

This section discusses the threats at various layers of generic IoT, as depicted in Figure 4. The components of an
IoT System include different types of sensors and actuators, a smartphone with an associated application installed
in it, the web interface for the smart environment, the servers the IoT devices interact with, and the requisite
communications within the IoT system. Table 2 summarizes the threats (TH) imposed on various layers of IoT
architecture along with their impact and successfully launched attacks [11]. It is observed that the IoT devices
are easy to get control of and thus leading to all the DoS attacks these days. Like the generic architecture, the
proposed threat architecture also includes three layers: (i) perception layer, (ii) network layer, and (iii) application
layer. The description of each layer is as follows [12]
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Figure 2. Threat Architecture of Internet of Things [12].

The Internet of Things is built on a layered architecture that was created to meet the demands of various industries,
businesses, and societies. Ageneral layered architecture for the loTconsists of five levels, which are described

below: [13]

1. Physical Layer: This is a hardware layer that includes embedded systems, RFID tags, sensor networks, and
other sensors. This hardware layer may collect data from a system or environment, process data, and
facilitate communication.

2. Gateway layer: This layer manages data and is responsible for publishing and subscribing to the "Things"
services, message routing, and platform communication.

3. Internet layer: The Internet layer is where routing occurs. Its primary function is to move packets across
networks, and it enables network-to-network communication.

4. Middleware layer: This layer is responsible for collecting and filtering data from hardware devices,
performing information discovery, and regulating application access.

5. Application layer: This layer delivers application services. The middleware layer provides these services

to various applications and users in IoT-based systems. These services may be utilized in industries
including logistics, retail, and healthcare
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B. Fundamentals of IOT Botnet

The fundamentals of an IoT botnet involve understanding its architecture, infection ways, and the intended
malicious functions. An IoT botnet, in essence, is a network of malware-infected Internet-connected devices such
as smart cameras, routers, sensors, and household appliances, which are voluntarily at their own attest by an
attacker. These devices tend to be targeted due to their limited computational power and meagerly implemented
security measures, such as weak or hardcoded passwords, outdated firmware, and open ports [14]. The general
structures of [oT botnets consist of several crucial components: the bots (infected devices), C&C servers for the
attackers to issue orders, loaders to place malware on new victims, and scanners or reporters to discover and log
vulnerable targets. The life cycle of an IoT botnet initiates with scanning the Internet for insecure devices,
exploiting the vulnerabilities to illegally access them, deploying the bot malware into those devices, and finally
orchestrating the bots for nefarious activities [15]. IoT botnets are generally used to launch Distributed Denial of
Service (DDoS) attacks, sending huge amounts of traffic towards the victim system to make it incapable. Now
they do a greater number of cybercrime activities such as spam attacks, credential stuffing, data theft, espionage,
cryptocurrency mining, and proxying wet compromised devices for anonymous communication. Botnet detection
and mitigation are highly difficult due to the decentralized nature and huge scale of the IoT deployments. As the
number of IoT devices exponentially grows in every sector, the threat from botnets also gains its importance and
demands urgent attention toward security-by-design, continuous monitoring, and automated threat detection
systems [16].

C. Prominent IoT Botnet Attacks (e.g., Mirai, Hajime, Mozi)

Several botnet incidents of high-profile nature have brought forth the crucial vulnerabilities to the IoT ecosystems
and brought forth a notion about the increasing sophistication of these threats. One of the most famous instances
being the Mirai botnet that came forth in 2016. It used a hardcoded list of default usernames and passwords to
infect thousands of IoT devices that were then used to conduct very large-scale Distributed Denial of Service
(DDoS) attacks [17]. The most famous DDoS attack was against the DNS provider Dyn, a victory that caused
large-scale outages for popular services like Twitter, Netflix, and Reddit. Another big case is that of Hajime-a
peer-to-peer botnet, well established-end in the middle of a command-and-control server, and seems advanced
architecture. While not expressly malicious, it clearly shows evolutions in the creation of more resilient and
stealthy botnet architectures. Likewise, Mozi also helps exhibit how attackers combine known working
vulnerabilities and propagation techniques for rapid threat expansion [18]. Combining hybrid C&C architecture,
Mozi botnet is among those capable of a varied array of attacks-a Prolonged DDoS, DNS spoofing, and logical
data exfiltration being some of them. In sum, such gradual showcasing of more advanced IoT botnet architecture
contrasts with the traditional cybersecurity defense initiatives [19].

3. Machine Learning in IoT Security

An IoT network keeps expanding here and gets more complex. Traditional mechanisms usually are ill-suited,
given the vastness and diversity of data they generate. An ML system, therefore, provides a robust alternative. It
enables systems to recognize patterns, react to new threats, and make intelligent decisions based on data fed into
them, with little need for explicit programming. Since machine learning systems evolve as time passes, they
become more proficient on security, especially against botnet attacks and botnet mitigation measures, thereby
making ML techniques essential in cyber security wise [20].

A. ML Techniques Used in Cybersecurity

Machine learning techniques in cybersecurity can essentially be divided into various classes, each serving
particular objectives in the detection and defense against threats. Supervised learning involves the training of a
model on a labeled dataset, wherein the model detects relationships between input features and labels supplied
in the training set and classifies them for known outcomes such as 'benign' against 'malicious’ traffic [21]. Typical
algorithms for supervised learning include Decision Trees, Support Vector Machines (SVM), k-Nearest
Neighbors (k-NN), Random Forests, and Logistic Regression. In comparison, unsupervised learning is promoted
when there is little or no labeled data present for the modeling task at hand. Models under this category try to
find some hidden pattern or anomaly in the data with the application of k-Means Clustering, DBSCAN,
Autoencoders, and Principal Component Analysis (PCA) [22]. Semi-supervised learning serves as a combination
of a minuscule amount of labeled data with a vastly more substantial number of unlabelled data for improved
classification.

Reinforcement learning is another sophisticated technique wherein an agent learns to optimize its decision-
making policy via trial and error in a dynamic environment, granting an adaptive and real-time mitigation
capability [23]. Deep learning, a subset of machine learning, utilizes neural networks, especially Convolutional
Neural Networks (CNNs) and Recurrent Neural Networks (RNNs), to extract complex hierarchical features from
the raw data, suitable for time-series analysis and deep packet inspection. These machine-learning techniques are
sometimes considered the backbone of cybersecurity solutions: IDS, malware detection, phishing detection, and
botnet traffic analysis, etc., which renders these tools significantly more efficient and more accurate in the
detection of threats in IoT environments [24].
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B. Benefits of ML for IoT Botnet Mitigation

Among the primary advantages of employing machine learning to counterbotnet threats in IoT networks is its
ability to perform automated threat detection by training models to identify new or evolving attacks based on
their behavioral patterns rather than on known attack signatures. This helps to take preemptive and intelligent
measures against unfolding risks. Then, scalability allows ML techniques to process huge amounts of data coming
from various IoT devices and monitor large and complex networks in real time [25]. Additionally, ML will have
adaptive learning irrespective of the training data used and thus can allow models to be retrained and updated as
new threats evolve, fitting the dynamic cybersecurity landscape. Other detection capabilities of ML include
discovering anomalies through unsupervised and deep learning techniques that might detect the more subtle
variations in device behavior signifying a botnet infection. It goes farther than mere detection; it is able to predict
and prevent attacks by identifying the early signs of malicious behavior so that defenses can be deployed ahead
of the attack being fully realized [26]. With these capabilities working together, they greatly enhance the
intelligence, responsiveness, and efficacy of any IoT security system, particularly in cases where conventional
cyber defenses are weak.

C. Categories of ML-Based Defense Detection vs. Prevention

There are two complementary defense strategies to detect and prevent IoT botnets using ML techniques: detection
and prevention. Detection-based techniques are used for monitoring after the attack has been initiated, i.e., to
detect malicious activity or compromised devices. Examples of such techniques include traffic classification,
device behavior profiling, botnet command and control (C&C) detection, and botnet C&C communications [27].
The entire purpose is to raise real-time alerts about suspicious activity and contain the threats before they
propagate and/or cause heavy damages. Some examples of detection mechanisms are traffic anomaly detection
employing CNN and botnet-related signature classification using SVM.

Prevention attempts to thwart attacks from affecting the system in any way, while detection gives way to an attack
by concept of identification and subsequent alerting of its presence. It works in a manner adaptive toward
predictive modeling from historical threat data with reinforcement learning for firewall rules, integrated with
ML-mechanized access control and authentication. Often these are coupled with real-time threat intelligence
feeds and early warning systems so as to block suspicious behaviors as fast as possible [28]. For instance, ML
models may be able to detect scanning activities or other exploitation attempts that usually precede full-blown
infections. Thus, detection and prevention-based methods provide a dual-layer protection; essentially, they equip
the systems to respond in different instances of a botnet lifecycle, and with accurate and agile defenses [29].

4. Two-Fold Machine Learning Approach: Concept and Framework

IoT botnets, very complex and adaptive in nature, force us to have an alphabetically integrated countermeasure
system. The classic measures tend to separate detection and prevention, often limiting their efficiency against
these very fastly changing threats. In line with this, the Two-Fold Machine Learning Approach has evolved as a
strategic framework with the recommended merger of reactive detection and proactive prevention into a single
adaptive system [30]. The philosophy explains that when both layers are combined, security posture is greatly
enhanced. Detection is concerned with intrusion, anomaly, or device compromise after it has occurred, while
prevention is concerned with thwarting these actions by predicting them, so they never occur in the first place
[31]. The rationale for such an approach originated from the cyber kill chain methodology, which shows where
disrupting an attack in different stages of reconnaissance, exploitation, and command-and-control provides value
in minimizing damage and response time, with the attack information being fed back into the system to help with
prevention information, and vice versa, allowing both the detection and prevention information to work together
in a feedback loop to increase the accuracy, adaptability, and speed of the security system as a whole [32].

The success of the Two-Fold Machine Learning Approach implementation is highly dependent on the integration
of detection and prevention models. There is a number of integration strategies that may be utilized. One of the
models can initiate the system when integrated sequentially. ML models would detect anomalies in network
traffic, or behavior on a device, and upon confirmation of an anomaly, prevention actions such as isolating the
compromised device from the rest of the network or blocking suspicious IP addresses would be initiated [33].
Conversely, a preventive integration first can be established where an ML model would also monitor high-risk
behavior and enforce protective controls based on its observation, with some detection mechanism to ascertain
the correctness of these actions after the fact to enhance threat intelligence. A more powerful setup is granted
when parallel integration is employed: the detection engine and prevention engine work in tandem, looking at
the same input from different angles [34]. For instance, the supervised model might be on the lookout for known
attack signatures, whereas the unsupervised one is searching the wild for unseen anomalies. Being enhanced by
a feedback-driven loop, this ensures that a natural environment continues to retrain both detection and prevention
models, reducing false positives and increasing the level of resilience over time [35]. The general architecture of
a Two-Fold Machine Learning system for loT botnet defense is composed of several interconnected modules. It
starts with the data collection module that procures diverse inputs such as traffic flow data, packet-level details,
device telemetry, and even contextual network behavior. This raw data passes through the preprocessing plus
feature engineering phase, where the data are cleaned, normalized, and then transformed into features appropriate
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for ML model training, such as packet sizes, frequencies, protocol types [36]. The detection engine then applies
a set of supervised, unsupervised, or deep learning models to identify botnet activities of both known and
unknown variants and generate alerts for the suspicious activities. Simultaneous to the prevention engine working
with predictive modeling or reinforcement learning to predict attacks and respond by deploying mitigation tactics
such as access control policies, sandboxing, or IP filtering. The two engines connect to a centralized decision
module capable of applying logic, rules, and security policies to coordinate responses, including logging and
alerting. Lastly, a continuous feedback-and-model-update loop allows the system to evolve with emerging threats
by retraining models with new data and real-time feedback and, thus, provide a highly adaptive and intelligent
defense for the IoT environment [37]. This figure 2 illustrates a layered ML-based system where IoT data
undergoes feature extraction and is processed simultancously by detection and prevention engines. A decision
engine coordinates response actions based on analyzed threats, while a feedback loop continuously refines the
model for adaptive and real-time defense.

[Detection Engine]
[oT Data Input Eamed Feature Extraction g & [Prevention
Engine]

Decision Engine g===8 Response Actions =8 Feedback Loop

Figure 2 Architecture of Two-Fold Machine Learning Framework for IoT Botnet Defense

S. Detection Techniques in IoT Botnet Defense

Detection of IoT botnets is a critical first line of defense in near-real-time discovery of compromised devices and
malicious network behavior. Machine learning-based detection methods work by analyzing large volumes of
network data, device behavior, and traffic patterns to uncover anomalies that may characterize botnet infection
[38]. Common supervised learning methods include SVM, Decision Trees, or Random Forests-based
classification applied on labeled datasets discriminating benign and malicious traffic, whereas unsupervised
techniques such as k-Means Clustering or Autoencoders come of use when no labeled data exist, as these discover
outliers in network behavior deviating from learned norms [39]. Another new trend in botnet detection is to use
deep learning algorithms such as CNNs and RNNs that process raw packet-level and time-series traffic data with
a possibility of high accuracy in detecting intricate botnet behaviors. Since such models exhibit the ability to detect
known threats together with previously unreported or rapidly evolving attack vectors, the problem lies in
leveraging ML-based detection systems to handle encrypted traffic, imbalanced datasets, and false positives. Yet,
detection is a standing pillar of botnet defense before mitigation and prevention strategies can be invoked [40].

6. Prevention Techniques Using Machine Learning

While detection warns of threats in progress, prevention tries to acutely and reactively focus on a blocking
technique before any damage is done to even a fast-spreading loT botnet. Machine learning aids prevention
through predictive and adaptive security mechanisms that identify anticipated behavior used for malicious
purposes on either historic trends or real-time information. Reinforcement learning is, for instance, suited to
dynamic environments where the agent learns to carry out actions (such as isolation of devices or modification
of firewall rules) that best minimize long-term risk [41]. Others consider enhancement of these methods through
predictive modeling for infection-like scenarios from past traffic that could predict where to harden nodes
considered at risk. Prevention mechanisms may also be linked to an access control system, where the ML method
should calculate trust scores for behavior and allow device connections in response. Anomaly prediction could
start countermeasures like traffic shaping or throttling when scanning or propagation is identified. This set of
powers reduces the attack surface, while in early stages of the botnet lifecycle, like reconnaissance and initial
infection, it creates disruptions [42]. Although challenges such as false alarms and high processing costs do exist,
prevention methods involving ML are a turning point from reactive to proactive lIoT security and are essentially
the backbone of a sturdy two-tiered defense model.
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Recent Al advancement in ML and DL with more-enhanced and timely detection and prevention of cyber threats,
medical diagnoses, and data security in various fields are involved. In healthcare, DL methods like pretrained
lightweight models and MobileNets have become highly accurate for detecting Parkinson's disease from hand
sketches [43], whereas ML models have outshined traditional risk prediction methods for cardiovascular disease
in Australian cohort studies [47]. In network security, multivariate LSTM autoencoders have been developed to
enhance MAC-layer spoofing detection under realistic RSSI traces [45], and the ML-based encrypted traffic
classification has become important for monitoring modern IoT networks [46]. Meanwhile, blockchain-integrated
Al methods such as AI-Hybrid chains with advanced encryption and fuzzy logic promote an enhanced level of
secure access control for the cloud-based loT systems [48]. Interpretable ML models have identified the principal
variables affecting wheat yields such as nitrogen use and solar radiation in agriculture [50], whereas two-fold
feature selection has improved the classification accuracies of clinical and lifestyle risk factors for diabetes studies
[51]. Lastly, in networking, self-attentive models (SAM) were presented to enhance real-time traffic classification
by improving interpretability at the packet level [52].

Table 1 Comparative Studies of AI Applications in Security and Healthcare

Ref. Focus Area Key Methods Approach Performance Outcome
Metrics
[43] | PD Detection Pretrained Pattern Accuracy 100% accuracy
via Hand Lightweight DL Recognition in with KNN
Sketches (PLDL), Medical Images
MobileNets, Two-
Fold Training
[44] | DL Survey in Survey of DL Review Paper Coverage, Advances, | Summarized DL
Medical approaches, DL Trends growth and
Imaging & for Object challenges
Object Detection
Detection
[45] RSSI-Based Multi-model Experimental Detection Rate, Outperformed
Spoofing LST™M Network Adaptability existing spoofing
Detection Autoencoder Analysis detection
methods
[46] Encrypted ML-based Traffic Survey and Classification Comprehensive
Traffic Classification Methodological Accuracy, review and future
Classification Review Interpretability insights
[47] CVD Risk ML Models vs Predictive AUC, NRI, Accuracy Upto5.1%
Prediction Framingham Modeling in improvement
(Australia) Model Healthcare over Framingham
model
[48] Cloud-IoT Al-Hybrid Secure Access Attack Detection Effective, secure
Access Control | Blockchain, TL- Control via ML Rate, Throughput, model with
& Intrusion DDQN, Con- & Blockchain Delay layered defense
Detection ResNet
[49] Al in IoT Review of Systematic Dataset Variety, Identified gaps in
Botnet ML/DL models, Literature Detection Efficacy IoT botnet
Detection and Datasets, Review mitigation
Prevention Evaluation methods
Methods
[50] | ML for Wheat Random Forest, Data-Driven R?, RMSE, MAE Identified key
Yield Tree-based Yield Analysis yield drivers and
Prediction Models, interactions
Interpretability
Tools
[51] | Diabetes Risk | Two-fold Feature Predictive Accuracy, AUC Identified
Prediction with | Selection (PCA, Modeling with glucose as most
Feature 1G), ML Feature Eng. relevant predictor
Selection Classifiers
[52] | Online Traffic Self-Attentive Packet-Level DL | Protocol/Application Improved
Classification Mechanism for Real-Time Accuracy Gains classification and
using SAM (SAM), Packet- Classification interpretability
level Deep
Learning
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7. Conclusion

Botnet threats are becoming more common, increasingly sophisticated, and more damaging with every passing
second produced from the exponential growth of IoT devices. Thus, these demands intelligent and dynamic
mechanisms functioning against security. This article has considered the Two-Fold Machine Learning Approach
as an effective framework, combining detection and prevention capabilities for securing [oT ecosystems. With the
Two-Fold Machine Learning Approach, ML models are prepared for real-time monitoring and prediction so that
the approach helps expedite threat detection, keep down false positives, and act against malicious behaviors
beforehand. Detection models reveal botnet activities once the device is infected, while prevention models seek
to stop possible threats before they exist: By combining them, a strong layered security system is built. Yet how
to face real-world challenges such as data scarcity, adversarial attacks, and system scalability is the next room for
improvement. Distributed learning, explainable models, and standardized protocols will further secure the
approach. In essence, the Two-Fold approach offers a hopeful key to deploying more secure, resilient, and
intelligent IoT environments thus.
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