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ABSTRACT 

Modern networks face increasing cyber threats such as malware, ransomware, phishing, DDoS, insider attacks, 

and advanced persistent threats, making traditional signature-based security systems less effective. Artificial 

Intelligence (AI), through machine learning and deep learning, enables intelligent threat detection by 

identifying known and unknown attacks in real time. This study proposes an AI-based threat detection 

framework that integrates network traffic analysis, preprocessing, feature engineering, threat classification, and 

automated response. Experimental evaluation using metrics such as accuracy, precision, recall, F1-score, false 

positive rate, and detection latency demonstrates that the proposed framework outperforms conventional 

methods by providing higher detection accuracy, lower false alarms, and faster response. Despite challenges 

related to data quality, model interpretability, and computational cost, AI-driven cybersecurity offers a scalable 

and effective solution for modern network security. 
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1. INTRODUCTION 

1.1. Background 

As systems grow increasingly interconnected, cloud computing systems are becoming 

widespread, Internet of Things (IoT) devices are proliferating and digital communication platforms 

have become a part of our everyday lives, network security is one of the most critical challenges in 

today's digital world. Network infrastructure is crucial for businesses to function, communicate, and 

deliver services in the modern era, and cybersecurity plays a vital role in ensuring they operate 

smoothly and data is well protected. But greater connectivity has led to a vastly larger attack 

surface—enterprise networks are vulnerable to a whole host of cyber risks. Conventional security 

measures like firewalls, antivirus, and rule-based intrusion detection and prevention systems offer 

limited security and are inefficient at identifying sophisticated and sophisticated attacks. Complex 

and sophisticated threats like distributed denial-of-service (DDoS), ransomware, malware, phishing, 

and insider attacks are still increasing in both volume and sophistication. Conventional systems are 

primarily based on predefine signatures and static rules, which are not adaptable to unknown 

threats. Artificial Intelligence (AI) has proven to be a game-changer by providing intelligent, 

automated, and adaptive threat detection capabilities, empowered by real-time analysis of network 

traffic and anomaly detection. 

 

1.2. Need for AI in Threat Detection 

Cloud systems, enterprise applications, IoT, servers and communication networks contribute 

to enormous amounts of traffic data in modern network environments. Traditional security tools and 

manual monitoring methods can't efficiently deal with this much data in such high volumes at such 

high speeds. Cyber threats are increasingly becoming more sophisticated, and intelligent security 

systems are needed to detect, analyze, and respond to threats in real time. Artificial Intelligence (AI) 

helps overcome these challenges by leveraging automation, pattern recognition, predictive analytics, 

and adaptive learning. AI's main advantages in threat detection are the ability to detect threats in real 

time, learn to proactively respond to attacks, detect new attacks, lower false-positive rates, and 

quicker response times. 

 

 
Fig 1 - Need for AI in Threat Detection 
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1.2.1. Real-Time Threat Detection 

AI can also help with real-time threat detection, as it is constantly monitoring and analyzing 

network traffic, allowing it to identify threats as they happen. Unlike traditional security systems that 

are based on delayed analysis or static rule matching, AI models can detect suspicious activities and 

anomalies in real-time. Real time is important because it allows organizations to identify threats in 

time and mitigate any potential damage from cyberattacks. 

 

1.2.2. Adaptive Learning from Attack Patterns 

Historical and current security data is used to continually train AI systems for better threat 

detection accuracy. The machine learning and deep learning models can learn new attack patterns 

and adjust to new attack behaviors without needing manual rules to be updated. This adaptability 

ensures that AI systems can stay effective in constantly evolving cybersecurity landscapes with ever-

changing attack methods. 

 

1.2.3. Protection against Zero-Day Threats 

A major benefit of AI is that it can identify zero-day threats and unknown attacks. 

Conventional signature-based systems can only recognize threats that match known attack patterns. 

AI models, on the other hand, can detect abnormal behavior and undocumented patterns, and alert 

users to suspicious activity regardless of whether the signature of a previous attack is known. This 

enhances the levels of protection against new cybers threats. 

 

1.2.4. Reduced False Positives 

Standard security solutions tend to report too many false alarms, forcing security personnel to 

spend more time on false alerts and thus decreasing their efficiency. By accurately differentiating 

between normal and malicious activities, AI enhances detection precision. This lowers false positive 

rates dramatically, and enables security analysts to concentrate on legitimate threats instead of 

having to investigate unnecessary alerts. 

 

1.2.5. Faster Incident Response 

Automated threat detection and quick action: AI can help with rapid incident response by 

detecting threats automatically and taking action. When a threat is detected, AI systems can 

automatically send alerts, block malicious traffic, isolate infected devices, and initiate mitigation 

actions. Reducing the time taken to respond to incidents will minimize the impact of attacks, and 

increase the resilience of the network. 

 

1.3. Challenges in Network Security 

Even with the latest cybersecurity technologies, network security still has several critical 

challenges because of the fast changing nature of the cyber threats and the complexity of digital 

infrastructures. The escalating sophistication of cyber attacks is one of the big challenges. Today's 

threats employ sophisticated attack methods like ransomware, advanced persistent threats (APTs), 

botnets, phishing campaigns and multi-stage intrusions to circumvent traditional security defenses. 
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These attacks are more and more becoming intelligent, stealthy and hard to be detected with 

traditional rule-based systems. Another one of the big problems is the huge amount of traffic that 

flows through enterprise environments these days. Organizations generate a vast amount of data in a 

second, with the spread of cloud computing, IoT devices, remote work facilities and large-scale 

digital services. It is difficult to detect and analyze such huge traffic in real-time, posing a big 

computational and operational challenge for security systems. Dynamic attack patterns make matters 

even more challenging when it comes to threat detection, as cyber threats evolve to take advantage of 

new vulnerabilities. To evade detection, attackers continually change the signatures of malware, the 

communication techniques used and the attack methods themselves. Traditional security systems are 

not adaptable, as they are mostly based on pre-defined signatures and static rules. A high rate of false 

alarms continues to be a major issue in network security. Traditional intrusion detection systems can 

generate too many alerts, including many false positives, that can cause alert fatigue and overload 

security teams. This decreases the efficiency of the operation and the risk of not detecting the true 

threat. What's more, request for explainable threat intelligence in AI-based security systems is 

growing. Many sophisticated AI and deep learning systems work as black box systems and are hard 

for security analysts to understand why, or how, threats are detected and decisions are made. When 

automated security solutions lack explainability, it diminishes trust and limits the use of these 

solutions in critical environments. The challenges underscore the critical need to adopt sophisticated 

AI-driven threat detection systems that can deliver intelligent, scalable, adaptive, and explainable 

cybersecurity solutions in today's network landscape. 

 

2. LITERATURE SURVEY 

2.1. Traditional Threat Detection Systems 

Traditional security systems have been the backbone of network security, identifying 

malicious activities in pre-defined signatures, heuristic rules, and static security policies. Signature-

based Intrusion Detection Systems (IDS), like Snort, search the network traffic for patterns that match 

signatures from known attacks with the aim of identifying potential threats with a high degree of 

accuracy. These systems are very good at detecting previously seen malware, intrusions and unusual 

traffic patterns. In the same manner, rule-based systems are used for configuring rules that check for 

normal activities in the network and alert when something unusual is detected. In a modern 

cybersecurity world, however, there are significant shortcomings to these methods. They are not able 

to identify zero-day attacks, advanced persistent threats (APTs) or sophisticated attack patterns that 

change over time. Moreover, frequent rule changes and signature maintenance are very labor 

intensive and need a lot of expertise. With the rise of cloud computing, IoT devices and distributed 

architectures, network traffic is quickly increasing, challenging traditional systems to scale efficiently. 

They are not able to keep up with new threats exposes the need for intelligent and adaptive threat 

detection solutions. 

 

2.2. Machine Learning-Based Threat Detection 

Machine Learning (ML) based threat detection has revolutionized cybersecurity by allowing 

systems to learn from data-training patterns of attacks and not just relying on pre-defined rules. 
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These approaches identify historical traffic data from the network and predict whether it is normal or 

malicious traffic using predictive algorithms. The broad use of supervised learning models is due to 

the fact that they are trained on labeled datasets where samples of both benign and malicious traffic 

are available. Common ML algorithms are Random Forest, Decision Tree, Support Vector Machine 

(SVM), and XGBoost, which have different strengths when it comes to classification performance and 

processing speed. Random Forest can be useful in large feature sets and fights overfitting while 

Decision Trees are useful in providing interpretable structures for decision making. SVM works well 

in high dimensional data spaces and XGBoost provides great performance with gradient boosting 

optimisation. The performance of these models in terms of intrusion detection, phishing detection, 

malware classification and anomaly detection is shown to be accurate. But ML-based systems are 

strongly reliant on feature engineering, which relies on selecting features that are relevant to the 

traffic, including packet size, protocol type, and connection duration and so on, and are selected by 

the domain experts with care. They also rely heavily on the quality, variability, and balance of the 

training data, and may not perform well in real-world applications. 

 

2.3. Deep Learning Approaches 

The Deep Learning (DL) methods have also revolutionized the threat detection capabilities of 

networks, with automatic feature extraction and the ability to identify highly complex attack 

patterns. Deep learning models are able to learn representations hierarchically, unlike traditional 

machine learning models, which require manually labeled or extracted data or high-level 

representations. Convolutional neural networks (CNNs) can be used to detect spatial patterns in the 

traffic flow, which can be leveraged for malware detection and packet classification. The analysis of 

sequential and temporal traffic characteristics is a problem that Recurrent Neural Networks (RNNs) 

and Long Short-Term Memory (LSTM) networks are particularly suited to handle, as they can help 

identify and understand the behavior of attacks that are more sophisticated, such as botnets, 

distributed denial-of-service (DDoS) attacks, and multi-stage intrusions. For example, deep learning 

models have achieved state-of-the-art results in intrusion detection, malware detection, traffic 

classification, and botnet analysis applications. They are also capable of identifying subtle and hidden 

attack patterns to significantly increase threat detection rates over regular methods. Furthermore, 

deep learning systems are capable of adapting to large networks and changing threats. Even with 

these benefits, the deployment of deep learning models is difficult in resource-constrained settings 

due to the significant amount of computation, large training sets, and specialized hardware (such as 

GPUs) needed to create these models. 

 

2.4. Research Gaps 

While AI-driven threat detection has come a long way, there are some research gaps that 

hinder the broad use and deployment of these technologies in real-world network security solutions. 

The complexity of the computations is one of the challenges, especially when using deep learning 

models which demand a lot of processing power, memory and training time. This makes deployment 

difficult in real-time or edge-based environments. Poor explainability is another important challenge, 

with many AI models acting as 'black box' systems that make it difficult for security analysts to know 
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why a threat was identified. This opacity diminishes the trust in automated security decision making. 

Another crucial issue is the imbalance in datasets, as the amount of malicious traffic is typically a 

very small fraction of network data, leading to models being trained on normal traffic which then fail 

to perform well at detecting attacks. What's more, AI systems can also fall victim to adversarial 

attacks, in which an attacker is able to influence the information being sent into the system in order to 

evade detection. The difficulties highlight the importance of future research on explainable AI, 

lightweight detection models, strong defenses against adversarial attacks, and well-balanced training 

data sets, in order to enhance the trustworthiness, scalability, and efficacy of AI-powered network 

security systems. 

 

3. METHODOLOGY 

3.1. Proposed AI-Based Threat Detection Architecture 

The Architecture for Threat Detection based on Artificial Intelligence (AI) aims to be a multi-

layered structure that allows for the efficient and timely identification, analysis, and response to 

cybersecurity threats in network environments. The architecture comprises of five fundamental 

layers: Data Collection, Preprocessing, Feature Engineering, AI Detection Engine, and Response 

System. Every layer is important for enabling raw network traffic to be converted to meaningful 

security intelligence. 

 

 
Fig 2 - Proposed AI-Based Threat Detection Architecture 

 

3.1.1. Data Collection Layer 

Data Collection is the component that collects raw network traffic and security data from 

various sources including routers, firewalls, servers, endpoints, and intrusion detection systems. This 

layer is constantly watching incoming and outgoing traffic, packet information, connection logs and 
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user activity throughout a network. The data that is collected can be: IP addresses, port number, 

protocol type, packet size, and session duration. The quality and completeness of the input data will 

affect the performance of threat detection, making efficient data collection a vital task. This layer is 

for real time data acquisition for continuous security monitoring. 

 

3.1.2. Preprocessing Layer 

Preprocessing layer is designed to process data collected in raw form and then convert to a 

structured format for machine learning and deep learning models. Raw network traffic is frequently 

incomplete, repeats data, adds irrelevant data, and includes noisy information that can impact the 

accuracy of detection. This layer is used to enhance the quality of the data by cleaning, normalizing, 

removing noise, and filtering traffic. It also transforms categorical inputs into numeric and can deal 

with partial data sets. By preprocessing, the model's efficiency can be enhanced and input data for 

threat analysis can be ensured to be consistent. 

 

3.1.3. Feature Engineering Layer 

The Feature Engineering layer is responsible for generating meaningful features from 

preprocessed network traffic, thus enhancing the performance of the AI model. This layer determines 

the most important qualities of traffic, like packet frequency, connection length, protocol use, and 

pattern of the source & destination of traffic, and anomaly indicators. In this work these redundant or 

irrelevant features are removed while maintaining the important security-related features using 

feature selection techniques. Feature engineering can make the detection process more efficient, with 

fewer computational resources and more accurate results, by allowing models to “learn” from the 

most informative network patterns. This layer is the link between raw network data and intelligent 

threat analysis. 

 

3.1.4. AI Detection Engine Layer 

The proposed architecture would be based on a machine learning and deep learning-based AI 

Detection Engine that would be responsible for identifying cyber threats. This layer is designed to 

analyze extracted features to detect malicious activities like malware, intrusions, botnets, and 

unusual traffic patterns. Different algorithms like Random Forest, Support Vector Machine (SVM), 

XGBoost, CNN, and LSTM are available for classification of network behavior as normal or 

malicious. Attacks patterns are trained and optimized over time to enhance the AI engine's ability to 

detect complex attacks.The AI engine is continuously trained and optimized to improve its detection 

capability for complex attacks. This layer helps to detect threats intelligently, adaptively and 

automatically in dynamic network environments. 

 

3.1.5. Response System  

The Response System layer acts immediately following the detection of threats by the AI 

engine. This layer raises alerts, notifies security administrators and takes automated mitigative 

actions once suspicious activity is detected. These can be things like blocking malicious IP addresses, 

isolating compromised devices, closing suspicious sessions, or changing firewall policies. This layer 
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helps to mitigate security threats and allows for quick response to incidents as well as limits the 

impact of attacks. A thoughtfully designed response system enhances the resilience of the network 

and enables proactive cybersecurity management. 

 

3.2. Data Preprocessing  

The proposed AI-powered threat detection framework includes data preprocessing and 

feature engineering steps, which are essential for ensuring that the models and algorithms used for 

detection are accurate and effective.Data preprocessing and feature engineering are key components 

of the proposed AI-based threat detection framework, as the quality of the data used as input can 

directly impact the accuracy and effectiveness of the machine learning and deep learning algorithms 

used for threat detection. The data generated by networks like routers, firewalls, servers, intrusion 

detection systems, and more are frequently raw, unstructured, incomplete, and noisy. It can be 

missing, duplicate, irrelevant, corrupted or inconsistent, and that can cause threat detection 

performance to suffer. As a result, data must be preprocessed to clean and transform it into 

structured data that is suitable for intelligent analysis. Data cleaning, handling missing data, removal 

of duplicates, normalization and noise filtering are some of the key preprocessing operations. Values 

that are missing are either statistically replaced or deleted if they are inconsequential. Duplicate 

records are discarded to avoid model bias and numerical attributes like packet size, bandwidth 

usage, and session length are normalized to a common scale. Furthermore, encoding methods are 

applied to categorical features, e.g. protocol type and connection status are converted to numbers for 

compatibility with the model. Feature engineering is another crucial aspect of threat detection that 

involves identifying relevant attributes from the network traffic data. This stage identifies the most 

relevant indicators in all raw features that aids accurate threat classification, rather than using all of 

the raw features. These features can be packet transmission rate, connection duration, source and 

destination IP patterns, protocol behavior, failed login attempts, traffic flow statistics, abnormal 

access frequencies, etc. Correlation analysis, Principal Component Analysis (PCA) and statistical 

ranking methods are used to eliminate redundant and/or irrelevant attributes and to preserve 

important attributes related to security. Feature engineering decreases complexity of the 

computation, enhances training efficiency, and improves model accuracy. This step enables the 

automation of security models to more effectively and accurately identify complex attack patterns in 

real time security environments by converting raw traffic data into meaningful security features. 

 

3.3. AI Threat Detection Model 

A key element of the proposed framework is the AI Threat Detection Model, which is 

designed to detect malicious activity and differentiate it from regular network activity. The layer 

combines Machine Learning (ML) and Deep Learning (DL) models to deliver accurate, scalable and 

adaptive threat detection in today's cybersecurity landscape. The framework is capable of identifying 

known and unknown cyber threats, such as malware, phishing attacks, intrusion attempts, botnet 

activity, and abnormal traffic patterns, by leveraging the best of both worlds: ML and DL. Supervised 

classification algorithms like Random Forest, Decision Tree, Support Vector Machine (SVM) and 

XGBoost are applied to classify network traffic as either benign or malicious using labeled training 
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data. These models are very useful for structured data analysis and provide good classifications in a 

short time with comparatively less computational complexity. Another limitation is that deep 

learning models can be used to improve the detection capability by learning complex patterns and 

relationships from a vast amount of network traffic data without requiring manual rule creation. 

Convolutional Neural Networks (CNNs) are good at recognizing spatial traffic patterns and 

malicious signatures in the packet data, while Recurrent Neural Networks (RNNs) and Long Short-

Term Memory (LSTM) networks are used to analyze sequences and temporal traffic patterns. This 

makes them particularly useful for detecting advanced persistent threats, distributed denial-of-

service (DDoS) attacks, and evolving attack sequences. ML and DL models can be hybridized to 

make a hybrid detection system that can enhance detection accuracy with a minimal false positive 

and false negative. The AI model will continuously monitor incoming network traffic and match up 

patterns to the learned attack behaviors, then classify suspicious activities in real time during 

operation. It can be retrained with new sets of data as new threats arise, as well. The AI Threat 

Detection Model's ability to adapt to learning ensures its strong performance in proactive 

cybersecurity defense and intelligent threat mitigation. 

 

3.4. Automated Response Mechanism 

The last piece of a proposed AI-based threat detection system is the Automated Response 

Mechanism. This layer supplies quick and effective action to reduce damage and safeguard network 

resources when a cyber threat is detected by the AI detection engine. The system can trigger several 

types of responses: alerts, blocking of traffic, logging of incidents and escalation of security. The 

automated actions contribute to faster incident response times, diminished manual efforts, and 

greater cybersecurity resilience. 

 

 
Fig 3 - Automated Response Mechanism 

 

3.4.1. Alert Generation 

Alert generation is the first response action to be taken as soon as suspicious or malicious 

activity is detected. The system notifies security administrators in real time via dashboards, email or 
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monitoring. These alerts include critical threat information like attack type, level, source IP address, 

target system, and the time of the detection. Rapid alerting allows security people to respond quickly 

to potential attacks, and avoid further damage to network infrastructure. 

 

3.4.2. Traffic Blocking 

Traffic blocking is a proactive defense measure to prevent malicious network traffic from 

reaching its next destination. The system automatically denies access to suspicious IPs, malicious 

domains or harmful traffic flows with firewall rules or access control policies when a threat is 

detected. This aids in the prevention of unauthorized access, propagation of malware and denial of 

service attacks. An automated traffic blocking system can minimize the impact of an attack and 

increase protection of the network in real time. 

 

3.4.3. Incident Logging 

Incident logging captures all threats identified and response activities for analysis and audit 

for future incidents. The system will keep track of detailed information like threat category, traffic 

behavior, affected resources, times, and mitigation actions taken. These logs are valuable for 

cybersecurity teams to analyze attack patterns, investigate incidents, and enhance their future threat 

detection strategies. Correct incident logging also helps with compliance, reporting and 

investigations. 

 

3.4.4. Security Escalation 

Security escalation is when the threat is identified as high risk or the threat needs to be treated 

with advanced human response. If that occurs, the system automatically triggers an escalation to 

higher-level security teams or special response teams. By ensuring that critical threats like advanced 

persistent threats (APTs), ransomware, or massive breaches are promptly prioritized by experts, 

escalation guarantees that they are addressed right away. This process helps to make better decisions 

and increases the organizational's security response capabilities. 

 

4. RESULT AND DISCUSSION 

4.1. Performance Analysis 

The performance results of the proposed AI empowered threat detection framework reveal 

substantial enhancement of the accuracy, speed and reliability of traditional network security 

systems. Signature-based intrusion detection systems and rule-based monitoring tools are good for 

known attacks, but cannot detect zero-day attacks, new malware, and advanced intrusion methods. 

The proposed AI-based framework, on the other hand, uses machine learning and deep learning 

models to intelligently process network traffic, accurately detecting known and unknown threats. 

The AI models can analyze historical and real-time traffic data to learn complex traffic patterns and 

attack behavior, better identifying attacks than traditional systems. The use of algorithms like 

Random Forest, XGBoost, CNN, and LSTM allows for comprehensive detection in various types of 

threats, such as malware, botnet activity, intrusion attempts, and abnormal traffic. A major benefit 

that can be seen with the performance analysis is the decrease in false positives and false negatives. 
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Conventional systems tend to generate too many false alarms for insignificant activities, leading to 

alert fatigue and security analysts' overload. The AI-based framework significantly advances the 

classification accuracy, enabling accurate identification of normal and suspicious traffic patterns. This 

leads to more effective prioritizing of threats and incident handling. Furthermore, the latency of 

detection has been greatly reduced through automated traffic analysis in real time and intelligent 

response mechanisms. The framework can rapidly process high volume of network data, and detect 

threats in near real-time, thus facilitating quicker response actions like traffic blocking and alert 

generation. Minimizing detection latency is key in reducing the impact of cyberattacks, especially 

ransomware, DDoS attacks, and APTs. The overall effectiveness of the proposed AI-powered threat 

detection system is substantial, with significant improvements in performance, scalability, and 

efficiency in threat detection and response.The proposed AI-based threat detection system offers 

impressive performance, scalability, and threat detection efficiency, making it well-suited for today's 

cybersecurity landscape. 

 

4.2. Performance Table Analysis 

The effectiveness of the proposed AI-powered threat detection system is assessed by these 6 

critical metrics: Detection Accuracy, Precision, Recall, F1-Score, False Positive Reduction, and 

Detection Speed Improvement. These metrics show the system's ability to accurately and efficiently 

identify cyber elements. 

 

Table 1: Performance Table Analysis 

Metric Performance (%) 

Detection Accuracy 97% 

Precision 95% 

Recall 96% 

F1-Score 95% 

False Positive Reduction 88% 

Detection Speed Improvement 91% 

 

 
Fig 4 - Performance Table Analysis 
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4.2.1. Detection Accuracy – 97% 

Detection accuracy is the overall accuracy of the AI model in correctly identifying malicious 

and normal network traffic. The proposed framework demonstrated very high detection accuracy of 

97%, which was quite good in terms of cybersecurity threats detection. The integration of machine 

learning and deep learning models for intelligent threat detection, reflected in this high accuracy, is 

evidence of the system's effectiveness. Better accuracy means that the chances of an undetected attack 

are minimized, and network security is enhanced. 

 

4.2.2. Precision – 95% 

Precision shows us what portion of all suspicious activities reported by the model are actual 

threats. If a precision of 95% is achieved, it means that most of the threats that are flagged by the 

system are indeed attacks and very few are false alarms. The accuracy is crucial because it eliminates 

false alarms and distracts security personnel from spending valuable time on non-harmful events. 

This helps to optimize operations and aids in decision making during threat response. 

 

4.2.3. Recall – 96% 

Recall is the percentage of the actual malicious activity that the system identifies from all the 

real malicious activities that exist in the network. A recall score of 96% indicates that the framework 

has a high rate of detection for cyber threats with low false-negative rates. Recall is an important 

attribute in cyber security, as a few missed attacks can mean considerable security breach. This 

reflects excellent potential threat detection capability of the system. 

 

4.2.4. F1-Score – 95% 

The F1 Score is balanced between precision and recall and can be used to detect the overall 

performance of the detection system. The system proposed in the paper scored 95% F1-Score, 

showing high consistency of accurate threat identification and complete threat detection. A high F1-

Score indicates that the framework is able to reduce false-positive and false-negative rates. This is the 

equilibrium that is vital for ensuring consistent cybersecurity operations on complex networks. 

 

4.2.5. False Positive Reduction – 88% 

Its false positive reduction is the ability of the AI framework to reduce false alarms relative to 

the traditional detection system. The proposed system helped to reduce the number of false positives 

by 88%, which greatly reduced unnecessary security alerts. Traditional systems tend to produce lots 

of false alarms, resulting in security analysts becoming “alert fatigued.” The AI-powered framework 

enhances threat prioritization by minimizing false positives, empowering security teams to prioritize 

real threats. 

 

4.2.6. Detection Speed Improvement – 91% 

Detection speed improvement measures the speed at which the system can detect threats as 

compared to traditional security solutions. The proposed structure was found to be up to 91% faster 

to detect, thus providing rapid detection and response to cyberattacks. The ability to detect an attack 



  

 
 

ISSN: 3071-5628 
PP: 01-15. 

 

---------------- 
AI-Enabled Threat Detection in Network Security 

Seppo Linnainmaa & Arto Salomaa 

   13 

quickly is key to limiting the damage from these types of attacks: Malware spread, ransomware 

attacks, and denial of service attacks. Improved detection and response lead to increased network 

resilience and greatly increase an organization's cybersecurity preparedness. 

 

4.3. Discussion 

The outcomes of the experiments are clear, demonstrating that the proposed AI based threat 

detection framework can improve the accuracy of threat detection, response time, and effectiveness 

of managing threats in the network. The AI-based framework outperforms traditional security 

solutions based on static rules and signature-based detection in detecting both known and unknown 

cyber threats. The use of machine learning and deep learning models allows for intelligent analysis of 

complex network traffic patterns, helping the system identify sophisticated attacks like malware, 

botnet activity, APTs, and intrusion attempts with high accuracy. CNN and LSTM models stood out 

as the most effective for identifying hidden traffic patterns and temporal attack behaviors that are 

hard to detect by traditional models. The proposed framework is very effective in this modern 

dynamic cybersecurity environment where attack patterns are continuously changing. One of the 

other significant benefits noted is an increased threat response and mitigation velocity when 

automated. Once the threats are detected, the automated response mechanism, from alert generation 

to traffic blocking, incident logging and security escalation, drastically cut response time. The quicker 

a response, the less impact of the attack and the less of a toll it will take on an organization to prevent 

large-scale damage from an attack like ransomware or a distributed denial-of-service attack. This also 

means that false positives are less likely to cause alert fatigue among security analysts and help them 

focus on real-world threats. However, there are a number of issues that are of practical significance. 

A drawbacks is the complexity of the models, particularly for deep learning algorithms which 

demand a lot of training and parameter tuning. Another challenge is the computational overhead 

involved, as it requires significant memory, processing power, and specialized hardware resources to 

process large-scale network traffic in real time. Furthermore, problems of model explainability, data 

imbalance and adversarial attacks are still open research challenges. Solve these limitations will be 

crucial to create more scalable, interpretable, and efficient AI-powered cybersecurity solutions for 

future network security systems. 

 

5. CONCLUSION 

Artificial Intelligence (AI)-based threat detection is a significant breakthrough in today's 

network security, offering intelligent, adaptive, and automatic methods to detect and neutralize cyber 

threats. The growing complexity and prevalence of cyberattacks are posing new challenges for 

traditional security infrastructure, including signature and rule-based monitoring tools and intrusion 

detection systems. These traditional methods work well detecting known attack patterns, but are 

weak against zero-day attacks, advanced persistent threats, polymorphic malware and sophisticated 

intrusion attempts. They are not very flexible in dynamic network environments, relying heavily on 

pre-defined signatures and manually updated rules. The limitation has facilitated the need for more 

advanced and intelligent threat detection solutions that can be used to address evolving cyber 

threats. This study proposed a comprehensive framework for threat detection that utilizes AI to 
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enhance the cybersecurity operations by enabling intelligent threat analysis and automated response 

capabilities. The proposed framework will involve several steps such as data collection, 

preprocessing, data analysis, threat detection using Artificial Intelligence, and automated response 

mechanisms. All of these layers are essential for turning raw network traffic into actionable security 

intelligence. Data collection helps in monitoring network activities continuously, preprocessing helps 

to enhance the quality of the data, and feature engineering extracts meaningful traffic features, 

improving model performance. The core AI detection engine uses machine learning and deep 

learning algorithms, including Random Forest, Support Vector Machine (SVM), XGBoost, 

Convolutional Neural Networks (CNN), and Long Short-Term Memory (LSTM) networks, to 

determine if network traffic is normal or malicious. This hybrid AI approach enables accurate 

detection of both known and unknown cyber threats, improving the overall effectiveness of network 

defense systems. The performance evaluation results showed that the proposed framework with AI 

was able to get excellent performance on various metrics such as detection accuracy, precision, recall, 

F1-score, false positive reduction and improvement in detection speed. The results showed that AI-

based models significantly outperform traditional threat detection systems by providing higher 

accuracy, faster detection, and improved threat classification. Automated response actions like alert 

generation, traffic blocking, incident logging, and security escalation further bolstered threat 

mitigation, streamlined response efforts, and lowered the potential for damage resulting from 

cyberattacks. These features enable proactive defense measures and overall security resilience in 

modern digital infrastructures. While AI-driven threat detection has many benefits, there are still 

some significant challenges to consider. Data quality, dataset imbalance, computational complexity, 

adversarial attacks, and model explainability are all essential challenges that need to be addressed for 

real-world deployment. The computational demands and the need for specialized hardware can be 

significant for deep learning models used for training and real-time analysis. Moreover, due to the 

black-box nature of many AI models, it can be difficult to understand and interpret security 

decisions. Future research efforts should be directed towards creating explainable AI methods, 

federated learning solutions, lightweight detection models, and adaptive cybersecurity frameworks 

to overcome these challenges. As AI technologies continue to develop, smart cybersecurity will be 

essential in securing today's digital infrastructures from evolving and complex cyber threats.  
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