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Abstract: IT is evolving at an incredible pace, and this has greatly changed the perimeter of the network that is distributed.
As such, the traditional concepts of security are not enough. Today, port-based firewalls have become virtually useless
because, as more and more businesses use analytics, cloud computing, and other forms of automation to speed up their
progress in creating new products and services to meet the public’s demand, smart cyber threats are being created to
exploit the gaps left behind by traditional security tools. To counter such challenges, there has been the development of
advanced firewalls referred to as the next generation firewalls (NGFWs) and Web Applications firewalls (WAFWs). The
aim of this paper is to describe how NGFWs developed and merged with cloud solutions, focusing on additional capabilities
like DPI, application filtering, and implementation of Al Pursuant to that, this research compares Al-based firewalls as it
assesses their performance in meeting current cyber threats using sophisticated methods like machine learning and deep
learning. The paper focuses on the cloud applicability of AI-based firewalls and examines their capacity to deliver constant
performance in dynamic networks. This research does not provide theoretical simulation but shows the actual performance
of different Al-based firewall architectures, their ability to detect threats, false positives, and time consumption. The paper
also looks into the issues related to the use of these advanced firewalls in cloud environments and discusses possible
drawbacks and modifications that may be done. Therefore, this research offers a literature review of the NGFWs and
WAFWs and their applicability in defending the current complex enterprise environments, including the use of cloud
services. The findings add to the current knowledge of cyber security management, suggesting the potential of Al to be a
key enabler of detection, growth, and resource management within the cloud security paradigm.
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I. INTRODUCTION
Two primary shifts in security reflect the fact that information is rapidly going digital, and cloud computing is rapidly
gaining popularity. With more organizations storing their data in the cloud and using it to process big data, the concept of a clear
network perimeter is, therefore, rather blurred. [1-3] It has created a new level of difficulty for everyone in the field of
information security and preservation of the purity of digital environments. Traditional mechanisms of security, and especially
traditional firewalls, come across considerable limitations concerning the containment of new risks and features of modern cyber
threats.

A. The Emergence of Next-Generation Firewalls Known as NGFWs

To counter these challenges, the cyber security industry has emerged with Next-Generation Firewalls (NGFWs). As
opposed to the classical firewall systems, which are mainly focused on filters based on rules and ports, NGFW incorporates
deeper analyses such as deep packet analysis, application filtering, and IPS systems. Such features enable NGFWs to work as
more sophisticated layers for controlling network traffic and for offering better detection and prevention against innovative types
of cyber threats.

Intrusion Prevention Systems (IPS) is the other key component of the NGFWs that offers real-time protection from
existing and emerging threats. In the cloud, where the ‘addressable space’ is considerably larger, IPS functionalities are critical in
incrementally identifying, let alone preventing, Network Unwanted Network Traffic before it can do much damage. In addition to
their E-mail Security features, NGFWs block phishing and malware, which is a common attack vector to this date.

On the other side of the spectrum, NGFWs have Web Filtering and Anti-Malware protections for the internet and users
accessing the online environment from the cloud environment are protected from such websites. To this capacity, Threat
Intelligence also improves the operation of firewalls since it is capable of providing real-time information on newly-formed
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threats, which can be incorporated into the NGFW. Finally, Deep Packet Inspection (DPI) makes it possible for the NGFWs to
have a glimpse at the data being ferried across the network and get a chance to eliminate any malicious traffic, even in cases

where the traffic is encrypted.
What is a Next Generation Firewall (NGFW)?
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Figure 1: Next-generation Firewall (NGFW)

These incidents progressed and have been replaced by more complex forms, resulting in the defeat of the Stateful firewall
inspection firewalls. Therefore, improved security is far more important. Next-generation firewalls started to offer all of the
features of the traditional firewall in addition to the extra features associated with application control plus integration intrusion
prevention. They have also offered finer granularity to identity location, user and application. [4] Contrary to employing a
multitude of diverse point solutions, a next-generation firewall improves the process of managing security rules in a complex
online environment. A brief history of firewalls Firewalls are one of the oldest known concepts in network security, and the first
traditional firewall technologies could be described as still being rule-based. These first solutions served well in controlling access
according to defined rules and patterns, but they failed to respond to changes in the threat environment. The limitations of these
conventional firewalls later on created room for technological developments.

B. Artificial Intelligence (AI) in Cyber security

Al is one of the main enhancements observed in the sphere of NGFW technology recently. Machine learning-based
firewalls apply machine learning for the analysis of the network traffic flow, threat identification, and prevention of incipient
threats in real time, unlike conventional methodologies. This integration forms a revolution in how organizations are protecting
against cyber threats by offering a better and more effective mechanism as compared to the traditional security mechanisms of
fighting malware attacks, phishing attacks, and even advanced persistent threats (APTs).

C. Cyber Security Issues in Cloud Computing

One of the reasons is that the cloud environments are dynamic since the workloads are not constant, and the networks
have different formats. Conventional firewalls face the problem of providing adequate protection for cloud infrastructures as the
threat vector is constantly growing. There has been a necessity for security solutions that can provide much-needed security
while at the same time being highly flexible, accessible, and not requiring a lot of resources to implement due to the current
trend of many organizations’ operations moving to the cloud.

D. Aims and Coverage of the Research

The purpose of this research is to give an overview of the emerging generation of Al-based firewalls, with an emphasis on
cloud settings. This research will assess the feasibility of using these firewalls for large networks, determine the utilization of
resources, compare the capacities of such firewalls for different amounts of traffic, and conclude with the possible problems in
their implementation and recommendations for enhancements. As such, the significance of depending on a practical analysis of
existing Artificial Intelligence Firewall technologies for a study of the applicability of the analytical results for the improvement of
cloud-secure systems is highlighted.

E. Implication of the Study

It is for these purposes that the findings of this research aim to be included in the ongoing literature on cybersecurity and,
more specifically, cloud computing. Therefore, this paper seeks to discuss the benefits and drawbacks of integrating Al in NGFWs
to offer organizations beneficial information concerning their protection in the continuously developing cyber environment. The
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findings of this study will assist in the understanding of future programs on effective and robust security solution design and,
thus, enable organizations to guard their digital resources better in a dynamic technological environment.

II. LITERATURE REVIEW
Future work on firewalls has just begun with an increased attempt to make artificial-intelligence-based firewalls through
researchers and practitioners to strengthen cyber security given the increased threats [5,6]. This literature review argues
through a number of articles, papers, and reviews before arriving at an understanding of the methodologies and technologies
that inform current Al-based firewall systems.

A. The Evolution of Next-Generation Firewalls (NGFWSs)

NGFW is a part of the 3rd generation of the firewall that includes a firewall and other filtering functions of the network
appliance, for example, an inline intrusion prevention system and deep packet inspection. This concept of the NGFW had been
invented a decade earlier by Gartner. A next-generation firewall is a Deep-Packet Inspection (DPI) firewall that leaves the
traditional port and Protocol Inspection (PI) and blocking to incorporate Application-Level Inspection (ALI), intrusion prevention
and intelligence from outside the firewall. The Traditional firewalls operated at Layer 3 and Layer 4, and allowed or restricted
traffic by port and protocol with the leverage of stateful inspection and were making decisions on the basis of policies only.
Today, it is regarded as neither appropriate nor secure to implement security policies in such a rigid and frankly opaque manner.
VPN Technology is one of the important components of NGFW, and it also helps in providing secure remote access to the cloud.
This is crucial for distributed organizations as it encrypts data transmission and thus reduces the risk of a break-in. Further,
application control enables the NGFW to control the applications that are running on the cloud so that no unauthorized
applications can run on the cloud and get access to secure data or subnet.

B. Rise of Al-based firewalls in response to advanced threats

As the level of threats increased, especially those played by hackers and other cyber criminals, a requirement for
protecting that was more innovative and self-learning emerged. These advanced threats have attracted prominence in the
literature as a result of the development of Al-based firewalls. Essential components of next-generation firewalls incorporate
artificial intelligence, machine learning, behaviour-based patterns and anomaly detection for better threat identification. The
inclusion of Al implementation brings into place a proactive and dynamic concept of threat handling; hence, it can adapt to new
threats as and when they are developed.

C. Threat-focused NGFW-Such firewalls
Such firewalls are threat-focused NGFW-Such firewalls include all features of a conventional NGFW and advanced threat
detection and mitigation. Together With a threat-focused NGFW, you will be able to:
o Identify which assets are most exposed with full context perception.
e Defend yourself with an intelligent security automated system and quickly respond to the attacks; you set policies that
enhance the security in a dynamic manner.
e Better identify evasive or suspicious activities with the network and endpoint incident connection.
e Minimize the time between discovery and cleanup with immediate-post-discovery, always-on, retrospective security that
scours for suspicious activities and conducts even after an initial check.
e Minimizing overheads and decreasing fighting caused by inconsistent policies, protecting across the entire attack range.

D. Deep Learning Architectures

Dense neural structures are the key to the transformative change of the next-generation firewalls, making them have the
best features in threat identification and investigation. Scholars in [7-9] have highlighted earlier work that employs CNNs and
RNNs for enhancing cybersecurity. In the work that is done by in, which involves the exploration of CNNs, it was discovered that
the models are well capable of understanding complex features that are necessary for the detection of malware through analysis
of the spatial hierarchies of the network data. At the same time, works on recurrent neural networks unveil the effectiveness of
sequential learning when it comes to dynamic threats and their identification when they develop over time. This depth and
complexity of these deep learning architectures enable artificial intelligent-based Firewalls to clearly analyze such hidden
features, hence making the architectures powerful tools against such complex attacks. The flexibility and extensibility of CNNs
and RNNs make them leading candidates for future advancement in next-generation firewalls. They underscore the important
role played by deep learning in enhancing cyber security solutions in a growing, more connected, and intricate digital
environment.
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E. Hybrid Models

The advancement of the next generation of firewalls has witnessed rapid developments in the integration of various Al
approaches in order to develop hybrid systems. Prominent research like that done by the in [10,11] shows that organizations
benefit from combining machine learning solutions with expert systems for full and sophisticated defense frameworks. Hybrid
models accept the fact that cyber risks are heterogeneous and work with the idea that the benefits of combining different Al
strategies would complement each other. Integrating the classification ability of a machine learning algorithm with the decision-
making capability of an expert system, these models can deliver real-time threat handling as well as defeasible reasons for the
situation and response to it. This sort of hybrid framework, as discussed by in, shows their potential to provide a more
comprehensive protection against a large array of cyber threats. All things considered, it seems that hybrid models of NGFW are
advantageous because of their flexibility as attackers change their approaches. In contrast, thus far, the individual models that
have been examined as components of hybrid NGFWs have shared a common computer networking apparatus for performance.
This is becoming less of a guarantee the more that adversaries shift their tactics.

F. Behavioral Analysis

Considering the analysis of behavior, it appears as a key element in the development of new generations of firewalls (Next
Generation Firewalls, NGFWs) in the field of cyber security, as noted. This research focuses on the use of reinforcement learning
for behavioral analysis since the identification of the behavior and actions of the entities in the network cannot be
overemphasized when it comes to analyzing possible security threats. Behavioral analysis in the case of NGFWs is expected to
consist of real-time learning and understanding of normal network activity in order to detect signs of malicious activities [12].
They have used reinforcement learning to implement interactiveness that enables NGFWs to learn continuously as the network
changes with time. This approach goes further than just improving the efficacy in threat identification while at the same time
making the behavior in responding to new and unique threats less rigid and more effective. The importance of behavioral
analysis is that its focus is the next step after the mainstay of signature-based detection; thus, it is a valuable addition to the
methods that can counteract an increasingly sophisticated strategy of cybercriminals.

G. Real-Time Threat Intelligence

Threat intelligence in real time has grown to be fundamental in the development of the NGFWs, which is a dynamic
rather than a reactive shift in approach to cyber security. Remarkable studies like the works of in consider constant and frequent
updates to threat intelligence as fundamental to the optimality of NGFWs while dealing with dynamic cyber threats [13]. The
integration of Al in real-time threat intelligence enhances the capability of NGFWs in instant threat assessment and response,
eventually reducing response time “lag” and strengthening protection against new and complex threats; it also argues about the
incorporation of Al into the construction and interpretation of threat intelligence data, as this lets NGFWs learn about changes in
threats on their own Besides, this approach also improves the effectiveness of the identification of threats and at the same time
guarantees the further effective functioning of NGFWs for the immediate response to new threats The focus on real-time threat
intelligence makes it clear that threat intelligence is not a one-off endeavor but rather played out on a continuous battle against
cyber adversaries indicating that NGFWs are the proactive safeguard of network security that can easily pull off a shift as and
when the nature of threat changes.

H. Cloud Computing Scalability Issues
a) Increasing volume of network traffic

Cloud environments experience a continuous increase in traffic that traverses through the cloud environment networks.
The literature also points to the problems of scale that arise from the requirement to process this increasing quantity of
information. This makes it a challenge for traditional firewalls to scale up effectively, hence the chance to hit scale hiccups, which
in turn acts as a turn-off to performance. Due to their capability to evolve and expand in accordance with applications and
advanced dynamic functionalities, Al-based firewalls can effectively handle the issue of scalability associated with cloud
environments.

b) Dynamic nature of cloud infrastructures

Cloud infrastructures, therefore, are distinguished by the fact that they are dynamic, meaning that resources can be added
or withdrawn without the need for further authorization. The literature explores the risks involved in protecting such dynamic
environments because firewalls cannot easily manage the changes that occur in the environments. Al-based firewalls that are
next-gen, with features like self-adjustment and learning functionality when it comes to changing patterns, are better suited
about the emerging styles of cloud architectures.
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I. Adversarial Attacks and Defenses

The issue of adversarial attacks on Al-based firewalls can be regarded as an important problem in the field of
cybersecurity, as far as the results presented show. An adversarial attack is where the input data is manipulated with the aim of
fooling the AI model and impacting the reliability of Al-based defenses. [14] Other work provides insight into how such attacks
may be launched against these firewall models, with insights into the possibilities of the adversary bypassing the identified
security measures. However, as the level of attacks and manipulative strategies increases, the focus is also placed on research on
how to enhance the defenses of Al-based firewalls. Adversarial defenses’ examination includes ways like Adversarial training,
Input diversification, and incorporation of an Anomaly detection system. The perpetual arms race between attackers and
defenders is a sufficient reason for the constant evolution in cybersecurity, and therefore, the urgent need for Al-based firewalls
that possess the competencies of detecting and mitigating adversarial attacks as well as the ability to counter any new strategies
that may be employed with the aim of compromising on the security of the networks.

J. Explain ability and Transparency

This is especially important in the case of Al-based firewalls, and this is well supported in research that calls for the
explain ability and transparency of such solutions. With Al models advancing and becoming more complex, there comes the need
to explain why, how and when the Al was arriving at a particular decision, especially to the other party; cyber security experts or
even the user [15] have also pointed out the need to increase the understandability of the Al-based firewall models putting
forward the methods to explain the decision-making of such models The models that are open for inspection not only enhance
the level of trust but also help to detect the biases as well as the possible weaknesses themselves. It is essential to know how Al-
based firewalls arrive at decisions for cyber security professionals looking for ways to verify and enhance the model in question
and for users who would like to receive additional information concerning the objectivity and fairness of security systems. This
way, achieving the right balance between the high complexity of the Al algorithms and high transparency requirements becomes
the key priority. The presented research helps to develop ethical and accountable use of Al within the cyber security domain.

K. Allocation and optimization techniques

In many cases, resource usage has to be tailored most effectively for optimal functionality of Al-based firewalls in the
cloud. Resource management and resource optimization concepts are also highlighted in the literature, and some of the concepts
include dynamic resource provisioning and load balancing. These strategies are designed to guarantee that the utilization of
computational resources in Al-based firewalls does not cause efficiency to be impaired by the excessive consumption of
resources.

L. A discussion on the influence of resource-efficient design on overall system efficiency

These studies focus on resource-efficient design as a way of improving the performance of Al-based firewalls. Due to the
optimization of memory usage, processing capacity, and network bandwidth, these firewalls are effective in dealing with these
threats without putting extra pressure on the cloud environment. The literature examines the link between resource-efficient
design principles and the capacity of an Al-based firewall to offer sound security with efficiency in system performance.

III. METHODOLOGY
A. Selection of AI Algorithms and Models
a) Deep Learning Approaches for Threat Detection:
The start toward the introduction of next-generation Al-based firewalls involves the selection of the right state-of-the-art
Al algorithms and models, especially those based on deep learning. CNNs and RNNs are chosen to assess high-level spatial and
temporal features as well as to detect signs of new threats’ appearance. These deep learning approaches help in enhancing the
performance of real-time threat detection, subsequently improving accuracy.

b) Integration with Cloud Infrastructure for Real-Time Analysis:

The chosen Al algorithms and the selected models are smoothly incorporated into cloud systems to facilitate real-time
analysis of traffic in networks. Some of the issues that need to be solved in this regard are the ability to launch integration on
different cloud platforms, its scalability and data handling capabilities. Through the use of cloud flexibility, the implementation
guarantees that Al-based firewalls are able to remain constant concerning threats while at the same time having the ability to
scale up or scale down depending on the workload.
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B. Adaptive Scaling Mechanisms
a) Auto-Scaling Based on Network Traffic Patterns:

In order to manage the constantly changing nature of the cloud, intelligent scaling mechanisms are deployed to scale the
Al firewalls dynamically according to the traffic loads. The system also loads and balances the incoming traffic with the network
and increases the firewall’s firepower for any surge, if at all. This adaptive property of scaling allows the firewall to perform
optimally during occasions of high traffic while at the same time minimizing its resource usage during times when it is not in
demand.

b) Dynamic Allocation of Resources for Optimal Performance:

It also adapts other dynamic resource allocations on top of the implementation to enhance the performance of Al
firewalls. This entails the ability to carve dynamic CPU, memory and network resources according to the current load and
threats. Flexible resource allocation makes the firewall run optimally, meeting all the necessary changes within the network
without degrading the firewall’s performance.

C. Continuous Monitoring and Updating
a) Real-Time Threat Intelligence Integration:

One of them is the constant monitoring, which is the key element of the implementation and is supported by the real-time
threat intelligence feeds. The Al-based firewalls are well-informed on new threats as they arise, and this makes them use new
strategies to counter the threats. Integration of real-time threat intelligence improves the system performance by being able to
address new emerging threats in cybersecurity.

b) Automated Updates to Ensure Protection against Emerging Threats:

The implementation also incorporates automated update features. An Al-based firewall can periodically download and
update its security update, threat database, or receive new algorithms. This automation ensures that the firewalls stay proactive
towards newly formed threats without more human interjection. Updating secures the productivity of the overall security
structure as well as the life of the security structures.

D. Data Collection

The research method entails gathering appropriate information on some of the chosen Al-based firewall techniques. This
involves obtaining data used in the training and testing of these methods, comprehending the details revealed by these
algorithms, and gathering data on performance statistics associated with such methods. To make collected data more relevant to
the actual world, real-world scenarios, threat landscapes and network configurations taken into account in the original studies
are analyzed. Also, the research includes information about computational time, false positive rate, detection rate and other
relevant parameters that enable complex comparison.

E. Comparative Analysis

This makes the core of this work encapsulate the contrast of various Al-based firewall approaches. Based on the findings
of the literature review and data collection, the research uniformly assigns each method a score according to the established
criteria. Charts and graphs will be used to enable one to gain an easy-to-understand view of the results obtained. Every method
has advantages and drawbacks, and the analysis of these methods reveals the possibility of their application in practice, their
benefits, and drawbacks. [16-20] The purpose of the comparative analysis is to draw conclusions that show some such
tendencies, patterns, or possible chances for enhancement. It guarantees that the evaluation of Al-based firewall methods is all-
encompassing and not only biased in the discourse on best approaches to cybersecurity. Thus, understanding the effectiveness of
different Al-based firewall approaches can be achieved only by comparative analysis of the concepts. Consequently, the selected
methods, having been deduced from the literature review and being diverse in their approach, which include the use of machine
learning and deep learning, among others, are subjected to a most thorough performance analysis based on several important
performance descriptors Through analyzing the Al-based firewalls methods, this study gains an understanding of its
performance based on a set of important metrics. The first area of analysis, detection accuracy, identified various subtleties of the
differences between different approaches, which the study made clear. Supervised learning algorithms performed admirably well
in the case of algorithms that implemented learned patterns to identify known threats. Although the use of unsupervised
methods was found to be less accurate as compared with the supervised methods, they showed flexibility to the new threats, as
shown in Figure 4, with some loss of precision. CNN and RNN are the architectures of deep learning that are particularly
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effective in feature extraction and sequence learning, which turned out to be highly accurate in the detection of known and
unknown threats.

Table 1: Performance Metrics Comparison of Next-Generation Firewall in the Cloud

Next-Generation Detection False Computational Adaptability to | Scalability Robustness

Firewall Method Accuracy Positive Efficiency New Threats Against
(%) Rate (%) Adversarial

Attacks

Advanced 95 1.5 High High Scalable Strong

Firewall A

Advanced 92 0.8 Moderate Moderate Limited Moderate

Firewall B

Advanced 94 1.2 High High Scalable Strong

Firewall C

Advanced 90 1.0 Low Moderate Limited Moderate

Firewall D

Detection Accuracy is very important because it indicates the level of effectiveness by which the firewall can be able to
detect the wrong doings. On the basis of this, if we focus on the table, then the name Advanced Firewall A deserves to be
recognized as the most effective since its detection accuracy is 95%. Other firewalls, Firewalls B and C, are also effective in their
detections, with 92% and 94%, respectively, though Firewall D is equally effective. However, it slightly lagged behind with 90%
accuracy. First of all, high detection accuracy is critical because the cloud is rather susceptible to security invasions.

False Positive Rate has to be considered equivalent, as it quantifies the number of legitimate activities that got falsely
reported as threats. The false positive rate is the lowest in Firewall B with 8 %, for which the ratio is quite low, indicating that
the approach works well to cut off useless notices, thus avoiding interference with contradictory network activities. Firewalls A
and C are a bit higher on false positives at 1.5% and 1.2% but are still reasonable where best of both worlds approach is needed.

Computational efficiency refers to the ability of the firewall to utilize the system’s resources while performing its tasks.
Firewalls A and C have consistently high computational efficiency; that is why they do not overload and can work stably both
when being used alone and in cloud environments that can have limited resources and when being used simultaneously with
other applications. Firewall B has a moderate computational efficiency of at the same time using reasonable resources and being
effective enough, while Firewall D demonstrated lesser efficiency, which may cause a higher cost of operation or lower response
time.

Flexibility to New Threats is the other parameter, which captures the firewall’s ability to respond to fresh security threats.
Of the two firewalls, A and C attack at high levels on this dimension, which is essential to respond to modern and complex threat
agents. To firewalls, Firewall B has a moderate level of adaptability while Firewall D has little adaptability; hence, it may take a
longer time to adapt to the new threats in the market.

This is one of the most critical aspects of cloud-based firewalls because it defines how well the firewall and the related
networks will be in a position to address the future expansion of the networks and amplified traffic. Firewalls A and C are
scalable and are therefore suitable for large-scale organizations and organizations that exist in complex cloud systems. As for
Firewalls B and D, their administrative scalability is quite small and thus may be ineffective when used in larger and/or most
expansive networks.

Conferring with the analysis above, the definition of Robustness against Adversarial Attacks is the ability of a firewall to
cope with organized efforts to breach the security barrier it sets. As can be observed from the results, both firewalls A and C have
confirmed high levels of robustness that make it easier for the systems to deal with advanced persistent threats. Actually,
Firewalls B and D have moderate robustness; nevertheless, some threats show that sophisticated methods can attack them and
reduce the effectiveness of their securities.
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F. Adaptability to new threats

In the current landscape of cyberspace, the NGFW is one of the important assets, especially with the shift to the cloud
environment. This is contrary to the normal firewalls since the NGFWs come with additional layers of functions that are new and
address contemporary security issues. Cloud solutions have extended high demands for comprehensive security solutions for
dynamic and distributed infrastructures, and that is why NGFWs are crucial in the context of the cloud.

Another aspect of NGFW is VPN technology, which offers secure remote access to cloud solutions. This is very important,
especially for establishments that have staff from different places in a company, since it secures the data transfer processes to
avoid being intercepted by unauthorized users. Further, Application Control lets the NGFWs control the applications being run in
the cloud environment where only permitted applications can access other sensitive data or network zones.

Intrusion Prevention Systems (IPS) are other basic features of NGFWs that deal with timely detection and prevention of
known or new threats. In the cloud, where the attack surface is significantly larger, the traditional IPS capability to identify and
prevent malicious activeness before it occurs is critical. In addition to the features described in E-mail Security, NGFWs defend
against the threats of phishing and malware, typically spread through e-mail, which is still one of the most effective means of an
attack.

On the opposite end of the scale, NGFWs provide Web Filtering and Anti-Malware that guarantees that users using the
internet from the cloud environment are safeguarded against malice and malware. Threat intelligence enriches firewall
capability, adding the capability to receive updates on newly identified threats to allow the NGFW to respond quickly to new
threats. Finally, Deep Packet Inspection (DPI) provides the NGFWs with the chance to inspect the information flowing across the
network so that it can detect and stop sophisticated threats from infiltrating through encrypted traffic.
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Figure 2: Adaptability to New Threats

A specific characteristic which remains critical for large-scale network infrastructure concerns the scalability of an Al-
based firewall, which has been thoroughly analyzed [24, 25]. Specifically, some of the machine learning techniques described
scalability problems when the size of the network platform was enlarged; however, deep learning architectures, particularly
those developed to work in parallel processes, showed good scalability. These features make them applicable, especially for large
and intricate network structures where the quick identification of threats and responses to them are critical.
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Figure 3: Scalability of AI-based Firewalls

Table 2: True Negative Rate (TNR), True Positive Rate (TPR)

Method (Legend) True Negative Rate (TNR) | True Positive Rate (TPR)
Mod Security + OWASP CRS out of the box 0.95 0.85
One-class - Operational Point A=0.5 0.9 0.6
One-class - Train w/Application Dataset 0.55 0.9
One-class - Train w/CISC & PKDD 0.55 0.9
Combined one-class w/A=0.5 & Mod Security 0.95 0.4

In the comparative analysis it goes into the performance of the Al-based firewalls in terms of the adversarial attacks. It is
an important aspect, given that threats will continue to advance. It was found that without a proper adversarial defense
mechanism, machine learning methods are more or less vulnerable to adversarial manipulations. Conversely, the action learning
techniques such as adversarial training and input diversification showed better robustness against adversarial methods as these
are useful in fending off more complicated cyber threats, as depicted.

Table 3: Stage, NSL-KDD Accuracy (%), ADFA Accuracy (%)

Stage NSL-KDD Accuracy (%) | ADFA Accuracy (%)
Stage One 81.53 97.3
Stage Two 72.17 76.4
Stage Three 83.24 97.4
120
100
80 -
60 - B NSL-KDD Accuracy (%)
B ADFA Accuracy (%)
40 -
20 -
D -
Stage One Stage Two Stage Three

Figure 4: Detection Accuracy Graph
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G. NSL-KDD Accuracy Analysis and ADFA Accuracy Analysis
a) NSL-KDD Accuracy Analysis
In the context of the NSL-KDD dataset, the accuracy of the model varies across the three stages:

e Stage one has an accuracy of 81.53%; therefore, one can exemplify that at least in the early stage of detection, the model
performs quite well. This step might include simple feature extraction and the preliminary stage of the anomaly detection
procedures.

e As shown in stage two, it decreased and reached 72.17%, suggesting that the second stage might introduce more
complexity or that the second stage might have to deal with harder examples in the dataset. Such a situation can be
explained by the introduction of new features or a focus on more subtle threats, such that the model may fail to reproduce
the high rates of the previous level of work.

e Stage three rates somewhat higher, with accuracy standing at 83.24%. This suggests that the model could possibly
become keener in identifying threats after the detection mechanisms have been improved or after including another
method of processing data. The rise in accuracy in the third stage supports the theory that the model may get enhanced
even if there is a slight drop initially.

B. ADFA Accuracy Analysis
For the ADFA dataset, the model demonstrates a different trend:

e Stage one is initiated with 97.30% recall when applied to this potentially more recent and possibly more complex set; the
model is, therefore, highly effective in identifying threats at the earliest stage possible.

e Stage two experiences a notable drop in accuracy to 76.40%, which is significant compared to the initial stage. This sharp
decline could reflect the challenges the model faces as it deals with more sophisticated or less clear-cut attack vectors in
the ADFA dataset.

e Stage Three recovers with a slight increase in accuracy to 97.40%, which is slightly higher than the first stage. This
suggests that the model, after potentially integrating more advanced detection techniques or overcoming earlier
challenges, achieves a high level of effectiveness in threat detection by the final stage.

H. Identified Deficiencies

Analyzing various Al-based firewall strategies made it possible to identify a number of critical weaknesses, which must be
mentioned to advance in developing Al-based cybersecurity tools. This is why one of the most significant deficits is related to the
understanding of the results obtained with particular deep learning structures. [30-33] These models include CNNs and RNN,
which serve with high accuracy and flexibility; however, the interpretation of the decision-making procedure in these
considerable neural networks is difficult. Such opacity presents future challenges and difficulties in trying to establish what
precisely has led to false positive outcomes or how the models have arrived at certain threat levels. It is, therefore, imperative to
address this deficiency if the reliability of Al-based firewalls is to be reduced because, in such contexts, interpretability and
accountability are desirable. One of the mentioned shortcomings is that machine learning methods, especially the ones that
utilize large amounts of data from past experiences, are vulnerable to the concept drift phenomenon. Changing circumstances of
cyber security lead to the transition of the fundamental nature of threats; that is, new directions and approaches appear.
Analyzing these types of scenarios, it may be understood that, in the case of machine learning, which uses data from previous
scenarios, the models can take a long time to react to new threats, which means that there may be a significant increase in false
negatives. This deficiency points to the sometimes continuous model update, dynamic retraining, and incorporation of real-time
threat intelligence to counter the continually changing nature of these threats in the modern use of Al-based firewalls.

Moreover, the work amplified issues that are associated with the application of some machine learning algorithms in
large-scale networks. As more complex network structures are being deployed, some of the Machine Learning algorithms are
unable to handle both the Volume, Variety, and Velocity aspects, thereby creating a bottleneck and compromising real-time
threat detection. The problems associated with scalability are crucial for the practical application of Al-based firewalls, as well as
for adapting anti-malware measures to the constantly increasing demands of modern networks; thus, technology advancement is
needed to create an Al-based firewall that can operate in large and complex networks.

I. Proposed Improvements
e Enhancing Interpretability and Transparency: The addition of explainability techniques like attention mechanisms or
layer-wise relevance propagation can help in understanding the decision-making procedure of deep learning models.
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Somewhat general, visualizations that provide additional insight into features affecting the model’s output enable
cybersecurity specialists to trust the decisions made by Al firewalls.

e Mitigating Concept Drift: Continual learning mechanism, dynamic retraining of the model using the recent dataset, and
the incorporation of the threat intelligence data can help in improving the robustness of the AI- based firewall. There are
also, for instance, self-tuning algorithms that subsequently modify the model parameters based on emerging threats.

e Improving Scalability: Some of the issues of scalability can be resolved by using new creative solutions formed by parallel
processing and distribution of computing. To enhance the scalability of the machine learning algorithms, they have to be
designed with parallel processing in mind and using technologies related to cloud solutions and edge computing
approaches.

e Fortifying Against Adversarial Attacks: Adversarial training approaches, consistent updates of the adversarial database,
and using a variety of defense strategies would help to improve the resilience of Al-based firewalls to adversarial actions.

e Human-Centric Al Models: This application of Al models makes threat detection more accurate and uses minimal modes
of false positives by following the patterns of human behavior preferences.

e Ensuring Regulatory Compliance: Implementing reporting and auditing in the form of integrated features in the Al-based
firewalls would enhance the ease of compliance with the set regulatory requirements. Consulting legal and regulatory
professionals may help in the eviction of legal and ethical considerations when designing Al firewalls.

IV. RESULTS
Performance of Al-Based Firewalls: The analysis showed that compared to the traditional approach to firewalls based on
the intranet, artificial intelligence and machine learning produce results in the identification and prevention of threats much
higher. This was particularly astonishing in their tendency to recognize and neutralize extraordinary threats like the Advanced
Persistent Threats (APTs) or zero-day threats. All these firewalls use machine learning algorithms and deep learning structures
like CNNs and RNNs to analyze the traffic and learn in real-time to develop the capacity to deal with emerging threats.

Scalability and Flexibility in Cloud Environments: Some of the benefits associated with the use of Al-based firewalls
include better scalability and flexibility since they are developed to suit cloud infrastructures. Flash firewalls are unable to deal
with the variable workloads and intricate networks of cloud environments, while using Al allows for the adjustment of these
resources depending on the conditions to provide a strong security layer.

Reduction of False Positives: It has also had the positive side effect of vastly decreasing the number of false positives
created by the integration of Al. According to the research, Al-based firewalls better differentiate traffic by effectively separating
genuine from fake traffic and lightening the load while increasing the functionality of the system.

Real-Time Threat Intelligence: These findings will point out the significance of immediate threat data in managing new-
generation firewalls, also referred to as NGFWs. Artificial intelligence-integrated firewalls can learn new forms of attacks and
update their threat database within a very short time. Thus, they can function as a preventive measure rather than a cure.

Challenges in Implementation: However, the study also reveals some issues about using Al-based firewalls in cloud
settings. These are the complexity of Al models, the problem of interpretability in Al decision-making, and vulnerabilities to
adversarial manipulation.

A. Discussion

In this paper, the results presented provoke interest in the use of Al to increase the security of cloud infrastructures
through the utilization of next-generation firewalls. Al-based firewalls represent a powerful approach to modern threats, as
traditional firewalls are no longer insufficient.

The learning capability of Al firewalls, their capability to grow and adapt to a cloud environment, and the minimization of
false positives are powerful reasons why new-generation firewalls should be implemented in adaptive enterprise security.
Nevertheless, the study also brings some concerns about some issues, especially in the following areas: interpretability and
accountability of the Al models. As such, the requirements of these systems are likely to augment, and that is why the decision-
making process of the system must be understandable to the human operators.

Also, the possibility of adversarial attacks on Al-based systems to deceive Al requires further investigation and work on
better Al defenses. The fact is that threats change all the time, and that is why the Al firewall has to be constantly developing,
including the newer techniques of a machine and deep learning in its work.
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Thus, despite the fact that Al-based next-generation firewalls are the major advance in cloud security, their
implementation has to address technical opportunities of Al tools in the given sphere and the potential non-technical
consequences of severe Al use in cyber security. In turn, the current research indicates that, with further development and fine-
tuning, Al-based firewalls could eventually become a doctrinaire part of secure cloud computing infrastructures.

V. CONCLUSION

The detailed study of Al-driven next-generation firewalls in cloud infrastructures has helped me gain valuable knowledge
about their performance, resource consumption, and ability to counter emerging cyber-sphere dangers. This study also
emphasizes the flexibility brought about by the use of Al firewalls in responding to changes in the complexity of the network and
the overall dynamics in a cyber-threat environment; they envision their functionality and effectiveness in the cloud environment.
The present work is highly valuable for the development of the Al-based firewall and provides practical experience in using such
systems. Among the discovered facts, it is pertinent to note the ability of the Al-based firewalls to manage resources, where they
proved their ability to effectively allocate and optimize such scarce resources as computations’ power and memory space. This
makes it possible for organizations to get high levels of security while, at the same time, not having to pay a lot, which is a very
important consideration given that organizations today are operating in the constantly changing and resource-scarce
environments of the cloud.

Nonetheless, this study makes a significant contribution to the extant literature on cyber security since it provides the
base on which successive studies will build to improve Al in security defense in the future. Nevertheless, the research also
identified some new trends that need to be addressed to optimize the benefits of Al-based firewalls. This is the fact that scaling is
another area; there is a necessity to develop enhanced scaling mechanisms to cope with the peak loads, and Al techniques are
always evolving; it is necessary to enhance the existing and implement the original to progress and improve threat detections
and protection mechanisms. The planning for future directions for improving deep learning interpretability and their
convergence in the presence of concept drift, along with the advancements in adversarial robustness, is crucial as these are some
of the key approaches to enhance these systems to counter more and more complex cyber threats.

Moreover, the mixture of human-oriented Al models, putting stress on compliance, is the key to trust and proper ethical
application of Al firewalls. In so positioning these systems, it will be easy to get a mold that reflects users and legal adherence,
thus getting more of a tailored and legal approach to cybersecurity for firms. In conclusion, this research demonstrates the need
to develop Al-based firewalls that are scalable, cost-effective, and capable of adapting to constraints in the cloud environment. As
the threat advances and becomes even more complex, companies and enthusiasts must improve these technologies continually
and in partnership with the industry. The enhancements mentioned, such as scalability, adaptability, and regulation integration,
enable Al firewalls to become a promising tool for protection against the multiple types of threats in the world with the constant
growth of threats in the digital environment.
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