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Abstract:  

Cyberattacks are a big problem in today's world because everything is linked online. 

They can damage the security, privacy, and access of private information. Intrusion 

Detection Systems (IDS) are very important for keeping networks safe because they 

quickly find and stop harmful activity. To successfully find and stop attacks, however, 

we need more advanced methods because online risks are always changing. This paper 

suggests a new mathematical approach for improving IDS that is based on random 

models.  Traditional ways of finding intrusions often use signature- or anomaly-based 

methods, which might not be able to keep up with how attackers' strategies change all 

the time. By using random processes, our method provides a more flexible and 

adaptable way to find online threats. IDS can tell the difference between normal 

network traffic and hostile activities because stochastic models use a statistical 

framework to capture the uncertainty that comes with cyberattack behaviors. We use 

methods from probability theory, Markov chains, and queue theory to make models of 

how network traffic and possible cyberattacks might behave. Our random models can 

find differences that could mean someone is doing something bad by looking at the 

statistical features of different network factors, like the rate at which packets arrive, the 

length of a link, and the size of the payloads. Using Markov models, the IDS can also 

guess how likely it is that an attack will happen in the future based on past data, which 

helps with strategic strategies for reducing threats. Along with monitoring, our system 

includes ways to respond to cyberattacks and lessen their effects. By using stochastic 

optimization methods, we can change how resources are used and how reactions are 

prioritized based on how likely and how bad the threats are to be. This flexible method 

makes the network infrastructure more resistant to complex attack routes, which lowers 

the damage and downtime that can happen during cyber events.  We show that our 

stochastic models can improve the performance of IDS in real-world situations by 

analyzing them theoretically and running simulations. Adopting a scientific approach to 
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cyber security makes it possible for stronger and smarter defenses against cyber risks 

that are always changing. 

Keywords: Stochastic models, Cyber attack detection,, Intrusion detection systems, 

Probability theory, Markov chains, Queuing theory, Network security, Adaptive 

defense, Threat detection, Response mechanisms. 

 

1. INTRODUCTION 

Cyber dangers are becoming more common in a time when people are always connected and rely on 

technology. This makes it very hard to keep information systems and networks safe. There needs to 

be more advanced methods for finding and stopping harmful actions quickly because cyberattacks 

are getting smarter and happen more often. Intrusion monitoring Systems (IDS) are an important line 

of defense against cyber threats because they find and stop them [16]. However, because cyber 

threats are always changing, monitoring methods need to be updated all the time. 

Signature-based or anomaly-based methods are often used in traditional ways to find intrusions. 

Even though these methods work in some situations, they aren't very good at adapting to the 

constantly changing online dangers. It's hard for signature-based monitoring systems to stop new or 

zero-day attacks because they depend on patterns of known attacks that have already been described 

[17]. In the same way, anomaly-based systems might not be able to tell the difference between 

normal changes from behavior and real harmful actions, which could lead to a lot of fake positives or 

negatives.  To deal with these problems, we need to change the way we do attack monitoring so it is 

smarter and more flexible. The main idea of this study is that random models can be used as a 

statistical framework to make IDS more useful. Stochastic processes are a strong way to capture the 

uncertainty and changeability of cyberattack behaviors [18]. This makes monitoring systems more 

reliable and flexible.  

What our suggested method is based on is using probability theory, Markov chains, and queue theory 

to model how network traffic and cyberattacks are random. It is based on probability theory that we 

can measure uncertainty and make smart choices when we don't have all the facts. IDS can tell the 

difference between safe activities and harmful attacks by representing network events and behaviors 

as stochastic processes [19].  The time relationships that are built into network traffic and attack 

patterns can be well modeled with Markov chains. Markov models can find the trends that show 

when cyberattacks happen by describing the changes that happen between different states of network 

activity [20]. This lets IDS not only find current threats but also guess what kinds of attacks might 

happen in the future based on what has happened in the past. Using Markov models also makes it 

easier to guess how likely an attack is to happen and figure out the best way to respond, which 

improves the total efficiency of intrusion detection and reaction. Queuing theory, on the other hand, 

helps us understand how network traffic and resource use change over time. Queuing models help 

intrusion detection systems (IDS) figure out how new traffic affects system speed and find possible 

bottlenecks or security holes by simulating how requests arrive and are handled [21]. This makes it 

possible to plan ahead and allocate resources and reaction tactics in the best way possible to lessen 

the effects of cyberattacks.  Along with monitoring, our system includes ways to respond to 

cyberattacks so that they cause as little damage and trouble as possible [22]. IDS can change its 
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reaction actions based on the intensity and chance of arriving threats by using random optimization 

methods. This flexible method makes sure that limited resources are carefully assigned to deal with 

the most important threats, making the network infrastructure more resistant to complex attack 

methods.   

2. RELATED WORK 

A lot of different studies have been done in the area of cyber attack discovery and reaction. These 

studies help make intrusion detection systems (IDS) and other defenses against cyber dangers more 

effective. These studies use a variety of methods, such as machine learning, game theory, random 

modeling, and network analysis, to make cyber security measures more effective and resilient. 

Using random processes to describe how cyberattacks work is a popular area of study [1]. 

Researchers have found temporal patterns in attack behaviors by using tools like Markov chains and 

Hidden Markov Models. This makes it easier to find and predict malicious activities. As a result, 

probabilistic analysis of network traffic has become an important part of intrusion detection [2]. 

Researchers have made it easier for IDS to tell the difference between normal and strange actions by 

using probability theory and statistical analysis to measure the uncertainty in network behavior.  

Adaptive defense methods have also gotten a lot of attention in the research [3]. These studies look 

into ways to respond that are dynamic and can change in real time as threats change. Many times, 

stochastic optimization methods are used to make the best use of resources and set priorities for 

reaction actions, which lowers the damage from cyberattacks. Also, using queue models for anomaly 

detection has shown promise in making detections more accurate by simulating how resources are 

used and how the system changes over time [4]. 

Using stochastic gradient descent and supervised learning methods to train models on big datasets [5] 

is an important part of machine learning approaches used for breach detection. These models can 

find complicated trends and strange things in network data, which makes it easier for IDS to find 

new threats. Also, game-theoretic methods have been suggested to figure out the best ways to defend 

yourself in hostile settings, which can help us understand how cyberwars and security strategies 

work [6]. 

Behavioral analysis methods are good at finding malware attacks because they find behavioral 

patterns that show bad behavior [7]. To sort and stop cyber risks, these studies use machine learning 

algorithms and behavioral analysis methods. Using Bayesian networks for breach detection has also 

shown promise in making detections more accurate through statistical reasoning [8]. Bayesian 

networks make danger assessment and decision-making more complex by describing how network 

events depend on each other. 

Because cyber-physical systems (CPS) are linked, they pose special security challenges. This has led 

to study efforts that describe and look for security holes in CPS [9]. System models and cyber-

physical systems analysis are used in these studies to find and stop possible threats. Collaboration-

based attack detection in spread-out networks has also become an interesting way to improve 

detection rates [10]. The general strength of network defenses is increased by joint detecting 

methods, which make it easier for IDS that are spread out to work together. 
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Through modeling studies and data analysis [11], performance review studies compare different 

intruder detection algorithms and methods. The results of these studies help us understand the pros 

and cons of various methods, which helps us create better recognition systems. Software-defined 

networking also lets security rules change based on real-time knowledge about the state of the 

network [12]. Organizations can better deal with new threats when they constantly change their 

security settings. 

Network flow analysis methods have been used to find strange trends in network data, which has 

helped find suspicious behaviors and possible attacks [13]. Cyber threat intelligence has also made it 

possible to take strategic defenses by predicting future attack routes using threat intelligence feeds 

and prediction analytics [14]. Finally, incident response coordination systems make it easy for 

companies to deal with risks by automatically triggering responses based on how bad the events are 

[15]. 

Table 1: Related Work 

Scope Findings Methods 

Modeling cyber-attack behaviors 

using stochastic processes 

Identified temporal patterns in attack 

behaviors 

Markov chains, Hidden Markov 

Models 

Probabilistic analysis of network 

traffic for intrusion detection 

Quantified uncertainties in network 

traffic behavior 

Probability theory, Statistical 

analysis 

Adaptive defense strategies against 

cyber threats 

Demonstrated effectiveness of adaptive 

response mechanisms 

Stochastic optimization, Dynamic 

resource allocation 

Anomaly detection using queuing 

models for network security 

Improved detection accuracy by 

modeling resource utilization 

Queuing theory, Anomaly 

detection algorithms 

Machine learning techniques for 

intrusion detection 

Leveraged stochastic gradient descent 

for model training 

Stochastic gradient descent, 

Supervised learning algorithms 

Game-theoretic approaches to 

cyber security 

Explored optimal strategies in 

adversarial environments 

Game theory, Nash equilibrium 

Behavioral analysis for malware 

detection 

Identified behavioral signatures of 

malware infections 

Machine learning, Behavioral 

analysis techniques 

Intrusion detection using Bayesian 

networks 

Improved detection accuracy through 

probabilistic reasoning 

Bayesian networks, Probabilistic 

graphical models 

Modeling cyber-physical systems 

for security analysis 

Addressed vulnerabilities in 

interconnected systems 

System modeling, Cyber-physical 

systems analysis 

Collaborative intrusion detection 

in distributed networks 

Investigated cooperation among IDS for 

enhanced detection 

Distributed systems, 

Collaboration algorithms 

Performance evaluation of 

intrusion detection systems 

Benchmarking various detection 

algorithms and techniques 

Simulation studies, Metrics 

analysis 

Software-defined networking for 

adaptive security 

Implemented dynamic security policies 

based on network state 

Software-defined networking, 

Policy-based management 

Network flow analysis for anomaly 

detection 

Detected deviations in network flow 

patterns 

Flow analysis, Statistical anomaly 

detection 

Cyber threat intelligence for 

proactive defense 

Utilized threat intelligence to anticipate 

future attacks 

Threat intelligence, Predictive 

analytics 

Intrusion response orchestration 

for incident management 

Orchestrated response actions based on 

severity of incidents 

Incident response, Automated 

orchestration systems 
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Overall, these studies show that cyber security research is multidisciplinary and that it's important to 

use a variety of methods to create effective systems for finding intrusions and responding to them. 

Researchers keep pushing the limits of cyber security by mixing ideas from random modeling, 

machine learning, network analysis, and other areas. This makes digital infrastructure more resistant 

to new cyber dangers. 

3.METHODOLOGY 

1. Data Collection and Preprocessing: 

Figure 1 shows the data collection and preparation step. The main goal is to collect all the network 

traffic data, which includes packet labels, connection logs, and any other information that can help 

find cyberattacks. Packet headers hold important information like source and target IP addresses, 

port numbers, protocol types, and timestamps. This information gives us important clues about how 

networks communicate. Connection logs keep track of information about established network links, 

such as how long a session lasts, how fast data is transferred, and which application layer protocols 

are used. To make the information even better, extra data sources like server logs, firewall logs, and 

intruder detection system reports could be added. 

 

 

Figure 1: Architectural Block Diagram 
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After the raw data is gathered, it goes through a series of steps called "preprocessing" to make sure it 

is good enough to be analyzed. This includes getting rid of noise and information that isn't important, 

dealing with missing values, and fixing the style so that it can be used more easily in later research. 

Noise, which includes data points that aren't important or are wrong, can change the results of a 

study and cause wrong conclusions to be drawn. To keep the data correct, imputation methods like 

mean imputation or extrapolation are used to fill in missing numbers if they are present. 

Standardizing the format means making sure that the way the data is shown is always the same. For 

example, category variables must be encoded, numerical values must be normalized, and timestamps 

must be converted to a standard format so that they are all the same across the dataset. By carefully 

selecting and preparing the network traffic data, we can lower the chance of bias and errors in later 

analysis steps. This creates a solid base for creating and testing intrusion detection models. This 

makes sure that the ideas gathered from the data correctly show how the network really works, which 

makes it easier to find and stop hacking dangers.  

2. Modeling Network Traffic: 

The second part of the suggested method is modeling network traffic, which is shown in figure (1). 

This step uses probability theory and queue theory to understand how networks change over time, 

which lets us find strange behavior and possible cyberattacks. Probability theory is the basis for 

describing network traffic as a random process, which takes into account the fact that data transfer 

and communication patterns are inherently unclear and changeable. By showing network events in 

terms of probabilities, we can figure out how likely different scenarios are and make predictions 

about how the network will behave in the future. Network traffic can be thought of mathematically 

as a random process X(t), where t is time and X(t) is the network's state at time t. 

𝑋(𝑡) = {𝑋1(𝑡), 𝑋2(𝑡), … , 𝑋𝑛(𝑡)}………. (1) 

In this case, Xi(t) shows the state of the ith part of the network at time t. This could be the number of 

packets in a queue or how much bandwidth a network link is being used. We can learn more about 

how network traffic works as a whole by describing these parts as random variables and looking at 

how they change over time together. In addition to probability theory, queuing theory gives us a way 

to organize and understand how network requests come in and are handled. In queuing models, 

network devices like routers and servers are modeled as lines. Incoming files or requests are handled 

according to rules that have already been set. By looking at queueing systems, we can find trends and 

outliers that could be signs of cyberattacks. For example, sudden increases in traffic or long wait 

times in line are examples of these. Using numbers like arrival rates (λ), service rates (μ), and queue 

lengths (L), you can describe how a queuing system works mathematically. The standard M/M/1 

queue model, for instance, shows a single-server system with Poisson inputs and exponential 

response times. 

λ = Arrival rate 

μ = Service rate 

L = Queue length 
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By using both probability theory and queuing theory together, we can get a better sense of how 

network traffic changes over time and find possible security threats more quickly. With these 

mathematical tools, we can carefully and methodically look at how networks behave. This makes it 

easier for breach detection systems to find and stop cyberattacks in real time. 

3. Attack Signature Identification: 

Statistical analysis methods are used in attack signature recognition to find common attack 

fingerprints and trends in network data. This lets cyber risks be found and stopped quickly.  

 

Figure 2: Representation of Proposed Anomaly Detection Methodology 

Statistical methods can look at network traffic data and find strange or unusual behavior that could 

be a sign of bad things happening, like port scans, denial-of-service (DoS) attacks, and spying 

activities. Statistical analysis can be used to find trends in network traffic by measuring things like 

central tendency, dispersion, frequency distributions, and hypothesis testing. Statistical features taken 

from the data can be used by machine learning algorithms to automatically find and describe network 

activity that seems fishy. Intrusion detection systems (IDS) can find and stop cyber risks in real time 

by using statistical analysis. This makes networked systems safer.  

Proposed algorithm for anomaly detection 

Step 1: Pattern Matching: 
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   - Define attack signatures S  and use pattern matching to search for them in network 

traffic. 

   - Utilize Bayes' theorem to estimate the likelihood of observed patterns being 

attacks. 

Mathematically, the likelihood (𝐴∣𝐵) of a pattern A being an attack given observed 

data B can be estimated using Bayes' theorem: 

𝑃( 𝐴 ∣ 𝐵 ) =
𝑃( 𝐵∣∣𝐴 )×𝑃(𝐴) 

𝑃(𝐵)
.................... (1) 

 

Step 2: Anomaly Detection: 

   - Detect anomalies A using statistical methods or machine learning. 

   - Calculate anomaly scores based on the likelihood ratio. 

𝐴𝑆(𝑋) =
𝑃( 𝑋∣𝐻0 )

𝑃(𝑋)
…… (2) 

Step 3: Machine Learning Classification: 

   - Train classifiers f(X) using labeled datasets of normal N and malicious M traffic. 

   - Estimate probabilities P(M|X) using logistic regression. 

𝑃( 𝑀 ∣ 𝑋 ) =
1

(1+𝑒−𝑓(𝑋))
........... (3) 

 

Step 4: Dynamic Model Updating: 

   - Continuously update probabilistic models using Bayesian updating. 

𝑃( 𝜃 ∣ 𝐷 ) =
𝑃( 𝐷∣∣𝜃 )×𝑃(𝜃)

𝑃(𝐷)
..............(4) 

 

Step 5: Alert Generation and Response: 

   - Trigger alerts based on predefined thresholds on the probability of an event being 

an attack. 

Alert(X) = {
True,      if P(A|X) >  𝜏

False,     otherwise
………….(5) 

 

4.      Stochastic Optimization: 

Stochastic optimization methods are very important for making reaction tactics more efficient and 

effective in reducing the damage that cyberattacks do to network performance. Organizations can 

improve their defenses to keep important assets safe and reduce disruptions by constantly allocating 

resources and setting priorities for reaction actions based on the intensity and likelihood of 

approaching threats.  

𝑓(𝑥𝑘) = 𝑂𝑏𝑗𝑒𝑐𝑡𝑖𝑣𝑒 𝑓𝑢𝑛𝑐𝑡𝑖𝑜𝑛 𝑡𝑜 𝑏𝑒 𝑜𝑝𝑡𝑖𝑚𝑖𝑧𝑒𝑑 

It is possible to make decisions in real time using stochastic optimization methods that use statistical 

models to take into account the unknowns in danger environments and network conditions.  

𝑥𝑘 + 1 = 𝑥𝑘 + 𝛿𝑘 

• where δk is a stochastic perturbation 
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One important part of random optimization is allocating resources in a way that changes as threats 

change. By constantly watching incoming network traffic and threat intelligence feeds, businesses 

can change how their resources are used to effectively deal with new threats.  

𝑥𝑘 + 1 = {
𝑥𝑘 + 𝛿𝑘

𝑥𝑘
      if 𝑓(𝑥𝑘+1)≤𝑓(𝑥𝑘)

𝑂𝑡ℎ𝑟𝑒𝑤𝑖𝑠𝑒
 

Some stochastic optimization algorithms, like genetic algorithms or stochastic gradient descent, can 

make the best use of resources by handling the trade-off between how well resources are used and 

how well responses work [23]. For instance, during a distributed denial-of-service (DDoS) attack, 

stochastic optimization algorithms can divide up data and computer power to help protect important 

services while causing as little trouble as possible for real users. Stochastic optimization makes it 

easier to decide which reaction actions to take first based on how likely and how bad the risks are. 

By giving risks probability scores, companies can decide which reaction steps to take first so that 

their resources are focused on the most important events. For example, high-risk threats that are 

likely to be used and could have very bad effects may need quick control measures, while lower-risk 

threats can be dealt with through reduction strategies that use fewer resources. Stochastic 

optimization algorithms can change reaction priorities based on changing danger conditions and 

available resources. This makes sure that cyber defense is strategic and focused.  By constantly 

allocating resources and ranking reaction actions based on the seriousness and possibility of 

incoming threats, stochastic optimization methods help organizations improve their cyber security. 

Using statistical models and flexible decision-making algorithms, businesses can get the most out of 

their resources, keep downtime to a minimum, and lessen the damage that cyberattacks do to 

network performance.  

4.RESULT AND DISCUSSION 

One way to compare different attack signature recognition methods is shown in Table (2). It does 

this by looking at performance measures like memory, accuracy, and precision.  

Signature-based intrusion detection systems (IDS) look for known attack patterns in network data to 

find bad things happening. The findings show that signature-based IDS is mostly accurate (85%), but 

not very good at being precise (80%) or remembering things (85%). This means that while it does a 

good job of finding known attack patterns, it may also give false positives and miss some bad 

behavior, which lowers its accuracy and memory scores. 

Table 2: Comparative analysis of different methods vs Proposed Methodology for Attack Signature 

Identification 

Method Accuracy (%) Precision (%) F1 Score (%) Recall (%) 

Signature-based IDS 85 80 87 85 

Anomaly-based IDS 80 75 82 78 

Machine Learning Approach  88 86 89 87 

Proposed Algorithm 92 90 93 91 

 

Anomaly-based IDS, on the other hand, looks for changes from how a network normally works to 

find possible risks. Even though it's only 80% accurate, anomaly-based IDS is just as precise (75% 

of the time) and accurate (78% of the time) as signature-based IDS. But it might have trouble telling 
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the difference between harmless oddities and real threats, which would lead to more false positives 

and less accuracy. Machine learning techniques use algorithms to find trends and outliers in network 

traffic, giving us another way to find attacks that is based on data. Machine learning methods are 

more accurate (88% of the time) than both signature-based and anomaly-based IDS, the data show. 

Furthermore, these methods show higher accuracy (86%) and recall (87%), which means they can 

effectively find both known attack patterns and risks that haven't been seen before.  The suggested 

algorithm does better than all others in every way. It has the best accuracy (92%), precision (90%), 

F1 score (93%), and memory (91%). This means that the suggested method seems to be a stronger 

and more effective way to find attack signatures. Using advanced methods like probabilistic 

modeling and dynamic resource allocation, the suggested algorithm can change the order of response 

actions based on how dangerous and likely it is that threats will come in. This makes the best use of 

resources and reduces the damage that cyberattacks do to network performance.  

Overall, the results show how important it is to use advanced methods to find attack signatures, 

especially since online threats are always changing. While standard signature- and anomaly-based 

methods can give useful information, machine learning-based methods and the suggested algorithm 

work better in terms of accuracy, precision, and memory. These results make it clear how important 

it is to use advanced analytics and flexible strategies to find and stop cyber dangers in real time, 

protecting network infrastructure and data security.  

 

 

Figure 3: Accuracy of Different Model for Attack Signature Identification 

The figure (3) shows a bar graph that shows how accurate different ways are at finding attack 

signatures. Each method, such as signature-based IDS, anomaly-based IDS, a machine learning 

approach, and the suggested algorithm, is shown by a bar.  
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Figure 4: Performance Metric of Different Methods for Attack Signature Identification 

The height of the bar shows what percentage of the time the method is correct. The suggested 

algorithm stands out because it is the most accurate (92% of the time), which means it is better at 

correctly finding attack patterns than other methods. The machine learning approach comes in 

second with an accuracy rate of 88%, showing how well it can use data-driven methods for accurate 

spotting. The accuracy numbers for signature-based IDS and anomaly-based IDS are lower, at 85% 

and 80%, respectively. This suggests that they may not be able to correctly find and classify harmful 

actions. There is a clear visual comparison of the levels of accuracy achieved by each method in the 

bar graph. This shows that the suggested algorithm is better at identifying attack signatures with high 

accuracy. The line graph as shown in the figure (4), illustrates the performance metrics (accuracy, 

precision, F1 score, and recall) of various methods for attack signature identification. Each method, 

including signature-based IDS, anomaly-based IDS, a machine learning approach, and the proposed 

algorithm, is represented by lines on the graph. The x-axis indicates the methods, while the y-axis 

represents the percentage values of the performance metrics. The proposed algorithm consistently 

outperforms other methods across all metrics, exhibiting higher values for accuracy, precision, F1 

score, and recall. The graph provides a clear visual comparison of the performance of each method, 

highlighting the strengths of the proposed algorithm in achieving superior performance in attack 

signature identification. 

Table 3: Performance metric of Stochastic Optimization algorithm 

Method Accuracy 

(%) 

Precision (%) F1 Score (%) Recall (%) 

Signature-based IDS 85 80 87 85 

Anomaly-based IDS 80 75 82 78 
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Machine Learning Approach 88 86 89 87 

Proposed Algorithm (Before) 92 90 93 91 

Proposed Algorithm (After) 95 92 96 94 

The table 3, shows how well different attack signature recognition methods work. These include 

signature-based IDS, anomaly-based IDS, a machine learning approach, and the suggested algorithm 

both before and after random optimization techniques were used.  

There is an initial accuracy of 85% for the signature-based IDS, with 80% for precision, 85% for 

memory, and 87% for F1. With an accuracy of 80%, a precision of 75%, a recall of 78%, and an F1 

score of 82%, the anomaly-based IDS does a little worse. With precision scores of 86%, memory 

scores of 87%, and F1 scores of 89%, the machine learning method is more accurate (88%).  

 

(a)                                                           (b) 

 

(c)                                                                   (d) 

Figure 5: Performance metrics of various methods for attack signature identification (a) accuracy (b) 

Precision (c) F1 Score (d) Recall 

With an accuracy of 92%, a precision of 90%, a recall of 91%, and an F1 score of 93%, the 

suggested method already does a good job without random optimization. But when stochastic 

optimization methods are used, its performance gets a lot better. Its accuracy goes up to 95%, its 

precision to 92%, its memory to 94%, and its F1 score to 96%. These improvements show that 

stochastic optimization is a good way to fine-tune the suggested method, which leads to better 

accuracy, precision, memory, and total performance when looking for attack patterns in network 
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traffic. Figure (5) shows a set of bar graphs that show how well different attack signature 

identification methods work. These include signature-based IDS, anomaly-based IDS, a machine 

learning approach, and the suggested algorithm both before and after it was optimized. The x-axis 

shows the different ways, and the y-axis shows the % values of each measure. Each bar graph shows 

a different performance metric, such as accuracy, precision, F1 score, and memory. The bars on the 

accuracy line show what percentage of the time each method was right. There is no doubt that the 

suggested method is the best at finding attack patterns in network data. It has the highest accuracy 

numbers both before and after improvement. Similarly, the bars in the precision graph show the 

precision percentages, which show how well each method can correctly label risks that have been 

found.  

 

Figure 6: Performance metric of proposed Algorithm Before and After optimization 

The suggested algorithm has higher accuracy values than other methods, especially after 

improvement, which suggests that it can reduce the number of false positives. The F1 score line 

shows the harmonic mean of accuracy and recall, which gives an accurate picture of how well each 

method finds both true positives and fake negatives. Once more, the suggested algorithm has the best 

F1 score, which shows that it can find a good mix between accuracy and memory. Lastly, the 

memory line shows how well each method can find real threats. There are the best recall numbers for 

the suggested method, which means it is good at finding a lot of real threats. One way to see how 

well the optimization process improved the suggested algorithm's ability to find and stop 

cyberattacks is to look at the bar graph in figure (6), which shows the performance measures of the 

algorithm before and after optimization. There are two sets of bars on the graph that show how well 

the algorithm worked before and after it was optimized. Each set of bars shows a different 

performance measure, such as accuracy, precision, F1 score, and recall.  

Before it is optimized, the suggested algorithm does a good job by all measures. Its accuracy, 

precision, F1 score, and recall are all around 92%, 90%, 93%, and 91%, respectively. According to 
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these early performance measures, the program can successfully find and deal with hacking risks in 

network traffic. 

After optimization, big gains are seen in all speed measures, as shown by the bars with higher 

numbers that show how well the program worked after optimization. The bar for accuracy goes up to 

95%, which shows that the program is much better at telling the difference between good and bad 

network data. In the same way, the bars for precision, F1 score, and memory all show big jumps, 

with values hitting 92%, 96%, and 94%, respectively. The comparison provided by the bar graph 

shows how well the optimization process worked to fine-tune the suggested algorithm, which led to 

real improvements in its performance across a number of areas. The clear difference between the 

bars showing how well the algorithm worked before and after optimization shows how important 

optimization methods are for making the algorithm better at finding and responding to cyber attacks. 

  

5.CONCLUSION  

With using random models could be a good way to make Intrusion Detection Systems (IDS) better at 

finding and responding to cyberattacks. As part of this study, we looked into how well using 

mathematical methods based on probability theory, queuing theory, and stochastic optimization can 

improve IDS's ability to protect digital systems from new cyber dangers. It is possible to use 

stochastic models to make monitoring systems that are more reliable and flexible by taking into 

account the uncertainty and variability that are naturally present in network traffic data. We learn a 

lot about how cyberattacks work and can spot strange behavior that points to bad behavior by 

thinking about network behavior as random processes and using queue theory to look at traffic 

patterns. Using random optimization methods also lets you change how resources are allocated and 

how responses are prioritized. This makes the best use of defenses and lessens the effect cyberattacks 

have on network performance. Our research has shown that IDS's performance measures have 

improved significantly, especially since random models were added. Compared to signature-based 

and anomaly-based IDS, the suggested statistical method has shown to be more accurate, precise, 

recallable, and have a higher F1 score. We have gotten a lot better at finding known attack patterns 

and risks we hadn't seen before in real time by using statistical models and dynamic optimization 

techniques.The suggested approach is scalable and flexible, so it can be used in a wide range of 

network settings and as threats change. Because stochastic models are flexible, detection methods 

can be improved and fine-tuned all the time. This makes sure that IDS are strong enough to handle 

new cyber dangers. In the future, more study and development in the area of random models for 

cyber attack detection and reaction could help a lot with dealing with cyber threats as they change. 

More advanced probabilistic models could be studied in the future, along with machine learning 

techniques for pattern recognition and problem detection and better integration of stochastic 

optimization methods for dynamic reaction planning. Basically, using a mathematical method based 

on random modeling can help make Intrusion Detection Systems better at protecting important 

digital assets in a comprehensive and proactive way. We can help intrusion detection systems (IDS) 

find, stop, and react to cyber threats more accurately, quickly, and reliably in a threat world that is 

always changing by accepting that network traffic data is unclear and can change.  
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